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he annual national report of the Forest

Health Monitoring (FHM) program of

the Forest Service, U.S. Department of
Agriculture, presents forest health status and
trends from a national or multi-State regional
perspective using a variety of sources, introduces
new techniques for analyzing forest health data,
and summarizes results of recently completed
Evaluation Monitoring projects funded through
the FHM national program. In this 18th edition
in a series of annual reports, national survey
data are used to identify geographic patterns
of insect and disease activity. Satellite data are
employed to detect geographic patterns of forest
fire occurrence. Recent drought and moisture
surplus conditions are compared across the
conterminous United States. Data collected by
the Forest Inventory and Analysis (FIA) Program
are employed to detect regional differences in

tree mortality. Forest Inventory and Analysis
data also were used to identify forest types in the
Eastern United States with relatively high or low
rates of invasion by invasive plants. Methods are
explored for more accurately reporting insect
and disease damage across multiple regions and
nationally using the new Digital Mobile Sketch
Mapper (DMSM) platform. National Land

Cover Database (NLCD) tree canopy cover data
are applied to adjust Forest Health Protection
(FHP) Insect and Disease Survey data to better
represent acres of forest damage. Three recently
completed Evaluation Monitoring projects are
summarized, addressing forest health concerns
at smaller scales.
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Figure 1.]—Ecoregion provinces and sections
for the conterminous United States (Cleland
and others 2007) and Alaska (Nowacki and
Brock 1995). Ecoregion sections within each
ecoregion province are shown in the same
color. Note that no equivalent ecoregion
treatments exist for Hawaii, Puerto Rico, and
the U.S. VirginIslands . . . . . . ... ...

Figure 1.2—The design of the Forest Health
Monitoring program. . . . . . . . ... ...

Figure 1.3—The Forest Inventory and Analysis
mapped plot design. Subplot 1 is the center
of the cluster with subplots 2, 3, and 4
located 120 feet away at azimuths of 360°,
120°, and 240°, respectively (Woudenberg
and others 2010) . . . . . . .. .. .. ...

Figure 2.1—The extent of surveys for insect
and disease activity conducted in the
conterminous United States, Alaska, and
Hawaii in 2017. Gray areas were surveyed
using the new Digital Mobile Sketch
Mapping (DMSM) platform, rather than

the older Digital Aerial Sketch Mapping
(DASM) approach, which is portrayed

in green. The blue lines delineate Forest
Health Monitoring regions. Note: Alaska and
Hawaii are not shown to scale with map of
the conterminous United States. For West
Virginia, the survey was ground survey-
based with assistance from remote sensing.
(Data source: U.S. Department of Agriculture
Forest Service, Forest Health Protection). . .

Figure 2.2—The percent of surveyed forest
exposed to mortality agents, by ecoregion
section within the conterminous 48 States,
for 2017. The gray lines delineate ecoregion
sections (Cleland and others 2007). The
240-m tree canopy cover is based on data
from a cooperative project between the
Multi-Resolution Land Characteristics
Consortium (Coulston and others 2012)
and the Forest Service Remote Sensing
Applications Center using the 2011 National
Land Cover Database. (Data source: U.S.
Department of Agriculture Forest Service,
Forest Health Protection) . . . . . . . .. ..

Figure 2.3—Hot spots of the density of
occurrences of mortality-causing insects and
diseases in 2017 for (A) the conterminous
48 States and (B) for separate Forest

Health Monitoring regions, by hexagons
containing >5 percent tree canopy cover.
Values are Getis-Ord G;* scores, with values
>2 representing significant clustering of
high mortality occurrence densities and <-2
representing significant clustering of low
mortality occurrence densities. The gray lines
delineate ecoregion sections (Cleland and
others 2007), and blue lines delineate Forest
Health Monitoring regions. Tree canopy
cover is based on data from a cooperative
project between the Multi-Resolution Land
Characteristics Consortium (Coulston and
others 2012) and the Forest Service Remote
Sensing Applications Center using the 2011
National Land Cover Database. (Data source:
U.S. Department of Agriculture Forest
Service, Forest Health Protection) . . . . . .



Box Figure 2.1—The Southern Pine Beetle

story map provides interactive maps and
background information on southern pine
beetle, its hosts, and its management. . . . . 36

Figure 2.4—The percent of surveyed forest
exposed to defoliating agents, by ecoregion
section within the conterminous 48 States,
for 2017. The gray lines delineate ecoregion
sections (Cleland and others 2007). The
240-m tree canopy cover is based on data
from a cooperative project between the
Multi-Resolution Land Characteristics
Consortium (Coulston and others 2012)

and the Forest Service Remote Sensing
Applications Center using the 2011 National
Land Cover Database. (Data source: U.S.
Department of Agriculture Forest Service,
Forest Health Protection) . . . . . .. .. .. 39

Figure 2.5—Hot spots of the density

of occurrences of defoliation-causing

insects and diseases in 2017 for (A) the
conterminous 48 States and (B) for separate
Forest Health Monitoring regions, by
hexagons containing >5 percent tree canopy
cover. Values are Getis-Ord G,* scores, with
values >2 representing significant clustering
of high defoliation occurrence densities.

(No areas of significant clustering of low
densities, <-2, were detected.) The gray lines
delineate ecoregion sections (Cleland and
others 2007), and blue lines delineate Forest
Health Monitoring regions. Tree canopy
cover is based on data from a cooperative
project between the Multi-Resolution Land
Characteristics Consortium (Coulston and
others 2012) and the Forest Service Remote
Sensing Applications Center using the 2011

National Land Cover Database. (Data source:
U.S. Department of Agriculture Forest
Service, Forest Health Protection) . . . . . . 41
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Figure 2.6—Percentage of surveyed forest
in Alaska ecoregion sections exposed to
mortality-causing insects and diseases in
2017. The gray lines delineate ecoregion
sections (Nowacki and Brock 1995).
Background forest cover is derived from
MODIS imagery by the Forest Service
Remote Sensing Applications Center.
(Data source: U.S. Department of
Agriculture Forest Service, Forest
Health Protection) . . . . . ... ... .... 43

Figure 2.7—Percentage of surveyed forest
in Alaska ecoregion sections exposed to
defoliation-causing insects and diseases
in 2017. The gray lines delineate
ecoregion sections (Nowacki and Brock
1995). Background forest cover is
derived from MODIS imagery by the
Forest Service Remote Sensing
Applications Center. (Data source: U.S.
Department of Agriculture Forest
Service, Forest Health Protection) . . . . . . 45

Figure 2.8—Percentage of surveyed

forest on Hawaii islands (and by county

council district on the Big Island of

Hawai’i) exposed to mortality-causing

insects and diseases in 2017.

Background forest cover is derived from

the LANDFIRE program (LANDFIRE

2014). (Data source: U.S. Department

of Agriculture Forest Service, Forest

Health Protection). . . . . .. ... ... .. 46



Figure 3.1—Forest fire occurrences detected

by MODIS from 2001 to 2017 for the
conterminous United States, Alaska,

and Hawaii, and for the entire nation

combined. (Data source: U.S. Department of
Agriculture Forest Service, Remote Sensing
Applications Center, in conjunction with the
NASA MODIS Rapid Response group) . . . . 57

Figure 3.2—The number of forest fire
occurrences, per 100 km? (10 000 ha) of
forested area, by ecoregion section within
the conterminous 48 States, for 2017. The
gray lines delineate ecoregion sections
(Cleland and others 2007). Forest cover is
derived from MODIS imagery by the Forest
Service Remote Sensing Applications Center.
(Source of fire data: U.S. Department of
Agriculture Forest Service, Remote Sensing
Applications Center, in conjunction with the
NASA MODIS Rapid Response group) . . . . 59

Figure 3.3—The number of forest fire
occurrences, per 100 km? (10 000 ha) of
forested area, by ecoregion section within
Alaska, for 2017. The gray lines delineate
ecoregion sections (Nowacki and Brock
1995). Forest cover is derived from MODIS
imagery by the Forest Service Remote
Sensing Applications Center. (Source of

fire data: U.S. Department of Agriculture
Forest Service, Remote Sensing Applications
Center, in conjunction with the NASA
MODIS Rapid Response group). . . . . . . . 61

Figure 3.4—The number of forest fire
occurrences, per 100 km? (10 000 ha) of
forested area, by island in Hawaii, for 2017.

Background forest cover is derived from

the LANDFIRE program (LANDFIRE 2014).
(Source of fire data: U.S. Department of
Agriculture Forest Service, Remote Sensing
Applications Center, in conjunction with the
NASA MODIS Rapid Response group) . . . . 63

Figure 3.5—The number of forest fire
occurrences, per 100 km? (10 000 ha)

of forested area, by island in Puerto Rico
and the U.S. Virgin Islands, for 2017.

Forest cover is from the Forest Service
International Institute of Tropical Forestry,
derived from a cloud-free Landsat image
mosaic developed in cooperation with Forest
Service Remote Sensing Applications Center
(Kennaway and Helmer 2007, Kennaway
and others 2008) . . . .. ... ... .... 64

Figure 3.6—(A) Mean number and (B)
standard deviation of forest fire occurrences
per 100 km? (10 000 ha) of forested area
from 2001 through 2016, by ecoregion
section within the conterminous 48

States. (C) Degree of 2017 fire occurrence
density excess or deficiency by ecoregion
relative to 2001-2016 and accounting for
variation over that time period. The gray
lines delineate ecoregion sections (Cleland
and others 2007). Forest cover is derived
from MODIS imagery by the Forest Service
Remote Sensing Applications Center.
(Source of fire data: U.S. Department of
Agriculture Forest Service, Remote Sensing
Applications Center, in conjunction with the
NASA MODIS Rapid Response group) . . . . 65



Figure 3.7—(A) Mean number and

(B) standard deviation of forest fire
occurrences per 100 km? (10 000 ha) of
forested area from 2001 through 2016, by
ecoregion section in Alaska. (C) Degree

of 2017 fire occurrence density excess or
deficiency by ecoregion relative to 2001-
2016 and accounting for variation over

that time period. The gray lines delineate
ecoregion sections (Nowacki and Brock
1995). Forest cover is derived from MODIS
imagery by the Forest Service Remote
Sensing Applications Center. (Source of

fire data: U.S. Department of Agriculture
Forest Service, Remote Sensing Applications
Center, in conjunction with the NASA
MODIS Rapid Response group). . . . . . . . 68

Figure 3.8—(A) Mean number and (B)
standard deviation of forest fire occurrences
per 100 km? (10 000 ha) of forested area
from 2001 through 2016, by island in
Hawaii. (C) Degree of 2017 fire occurrence
density excess or deficiency by ecoregion
relative to 2001-2016 and accounting for
variation over that time period. Background
forest cover is derived from the LANDFIRE
program (LANDFIRE 2014). (Source of

fire data: U.S. Department of Agriculture
Forest Service, Remote Sensing Applications
Center, in conjunction with the NASA
MODIS Rapid Response group)

Figure 3.9—(A) Mean number and

(B) standard deviation of forest fire
occurrences per 100 km? (10 000 ha) of
forested area from 2001 through 2016, by
island in Puerto Rico and the U.S. Virgin
Islands. (C) Degree of 2017 fire occurrence
density excess or deficiency by ecoregion

relative to 2001-2016 and accounting for
variation over that time period. Forest cover

is from the Forest Service International

Institute of Tropical Forestry (IITF), derived
from a cloud-free Landsat image mosaic
developed in cooperation with Forest

Service Remote Sensing Applications Center
(Kennaway and Helmer 2007, Kennaway

and others 2008). . . . . . . . ... ... .. 70

Figure 3.10—Hot spots of fire occurrence
across the conterminous United States for
2017. Values are Getis-Ord Gl.* scores, with
values >2 representing significant clustering
of high fire occurrence densities. (No areas of
significant clustering of lower fire occurrence
densities, <-2, were detected.) The gray lines
delineate ecoregion sections (Cleland and
others 2007). Background forest cover is
derived from MODIS imagery by the Forest
Service Remote Sensing Applications Center.
(Source of fire data: U.S. Department of
Agriculture Forest Service, Remote Sensing
Applications Center, in conjunction with the
NASA MODIS Rapid Response group) . . . . 71

Figure 4.1—The 100-year (1918-2017)
mean annual moisture index, or

M1, . for the conterminous United
States. Ecoregion section (Cleland and
others 2007) boundaries and labels are
included for reference. Forest cover

data (overlaid green hatching) derived
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Forest Service Remote Sensing Applications
Center. (Data source: PRISM Climate Group,
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area is indicated by negative numbers (left
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indicate ownership, with lighter shades used
for the invaded area. (Data sources: Forest
Service Forest Inventory and Analysis;
Riitters and others 2017) . . . . ... .. .. 120
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ealthy ecosystems are those that are stable

and sustainable, able to maintain their

organization and autonomy over time
while remaining resilient to stress (Costanza
1992). Healthy forests are vital to our future
(Edmonds and others 2011), and consistent,
large-scale, and long-term monitoring of key
indicators of forest health status, change, and
trends is necessary to identify forest resources
deteriorating across large regions (Riitters and
Tkacz 2004). The Forest Health Monitoring
(FHM) program of the Forest Service, U.S.
Department of Agriculture, with cooperating
researchers within and outside the Forest Service
and with State partners, quantifies status and
trends in the health of U.S. forests (ch. 1). The
analyses and results outlined in sections 1 and
2 of this FHM annual national report offer
a snapshot of the current condition of U.S.
forests from a national or multi-State regional
perspective, incorporating baseline investigations
of forest ecosystem health, examinations of
change over time in forest health metrics, and
assessments of developing threats to forest
stability and sustainability. For datasets collected
on an annual basis, analyses are presented
from 2017 data. For datasets collected over
several years, analyses are presented at a longer
temporal scale. Finally, section 3 of this report
presents summaries of results from recently
completed Evaluation Monitoring (EM) projects
that have been funded through the FHM
national program to determine the extent,
severity, and/or causes of specific forest health
problems (FHM 2018).

Monitoring the occurrence of forest pest and
pathogen outbreaks is important at regional
scales because of the significant impact insects
and diseases can have on forest health across
landscapes (ch. 2). National Insect and Disease
Survey data collected in 2017 by the Forest
Health Protection program of the Forest Service
and partners in State agencies identified 63
different mortality-causing agents and complexes
on 3.27 million ha in the conterminous United
States, and 50 defoliating agents and complexes
on approximately 2.34 million ha. Geographic
hot spots of forest mortality were associated with
bark beetle infestations (mostly fir engraver,
western pine beetle, mountain pine beetle, and
spruce beetle) in the West, and with emerald ash
borer and southern pine beetle in the East. Hot
spots of defoliation were associated with gypsy
moth, forest tent caterpillar, spruce budworm,
baldcypress leafroller, jumping oak gall wasp,
white pine needle damage, and browntail moth
in the East, and with western spruce budworm
in the West. Extensive spruce beetle mortality
was detected in Alaska. The most important
defoliation agents in Alaska were aspen
leafminer, willow leaf blotchminer, and speckled
green fruitworm. In Hawaii, approximately
37 000 ha of mortality were attributed to rapid
‘ohi‘a death.

EXECUTIVE
SUMMARY

Forest fire occurrence outside the historic
range of frequency and intensity can result in
extensive economic and ecological impacts. The
detection of regional patterns of fire occurrence
density can allow for the identification of areas
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at greatest risk of significant impact and for

the selection of locations for more intensive
analysis (ch. 3). In 2017, the number of satellite-
detected forest fire occurrences recorded for the
conterminous States was the fifth most in 17 full
years of data collection and the most since 2014.
Ecoregion sections in the Pacific Northwest, the
northern Rocky Mountains, and California had
the highest forest fire occurrence density per
100 km? of forested area. Geographic hot spots
of high fire occurrence density were detected

in these same areas, as well as in the Southeast
and southern Arizona. Ecoregion sections in
southern, central, and northern California; the
Cascade Mountains of Oregon and Washington;
and northern Idaho and northwestern Montana
experienced greater fire occurrence density

than normal compared to the previous 15-year
mean and accounting for variability over time.
Alaska experienced low fire occurrence densities
except in one northeastern ecoregion section.
The Big Island of Hawai‘i experienced a lower
fire occurrence density than in recent years as a
result of an ongoing volcanic eruption.

Most U.S. forests experience droughts, with
varying degrees of intensity and duration
between and within forest ecosystems. Arguably,
the duration of a drought event is more critical
than its intensity. A standardized drought
and moisture surplus indexing approach was
applied to monthly climate data from 2017 to
map drought conditions and surplus moisture
availability across the conterminous United
States at a fine scale (ch. 4). Much of the

Southwest and parts of southern California

had extreme drought conditions in 2017, while
portions of the central Midwest, northern

Great Plains, and the Southeast had moderate

to severe drought. Areas near the Great Lakes,
west of the Appalachian Mountains, and in the
interior Northwest had moderate to extreme
moisture surplus conditions. Analyses of longer
term (3-year and 5-year) conditions show

that much of the West had undergone long-
term drought conditions, as had coastal New
England and a swath of the South extending
from western North Carolina through Georgia
and Florida. The remainder of the country
generally experienced at least mild moisture
surplus conditions for these longer periods, with
severe or extreme moisture surplus in Texas, the
northern Midwest, and along the coasts of North
and South Carolina.

Mortality is a natural process in all forested
ecosystems, but high levels of mortality at large
scales may indicate that the health of forests is
declining. Phase 2 data collected by the Forest
Inventory and Analysis (FIA) program of the
Forest Service offer tree mortality information
on a relatively spatially intense basis of
approximately one plot per 6,000 acres (ch. 5).
An analysis of FIA plots from all the Central and
Eastern States found that in most areas, tree
mortality is low relative to tree growth, while
the areas of highest mortality occur mostly in
riparian forests of the Great Plains. Specifically,
the highest ratios of annual mortality to gross
growth occurred in ecoregion sections located



in South Dakota, North Dakota, Nebraska,
northwestern Ohio and eastern Michigan,
north-central Arkansas, eastern Oklahoma,
southeastern Kansas, and east Texas. Similar
analyses were conducted for the Pacific Coast
States, where the FIA remeasurement cycle

is 10 years. Throughout much of this area,
mortality relative to growth was low, but in
parts of southern California, mortality exceeded
growth. Areas of highest annual mortality as

a percentage of total live tree volume were in
southern California, northeastern Utah, and
southeastern Montana. Results for the western
U.S. should be considered preliminary, however.

Invasive plant species can cause a variety
of undesirable changes in forest health simply
by altering forest species composition, and a
large proportion of rural forest in the Eastern
United States already contains harmful invasive
plant species. The statistical power of the FIA
forest inventory system was combined with the
predictive power of a plot-level plant invasion
model to compare forest types in the Eastern
United States with respect to the likelihood
that they contain invasive forest plants, and
to evaluate the relative roles of public versus
private forest ownership for conserving the
uninvaded forest area (ch. 6). Half of the total
area of 74 forest types was found to be invaded,
with invasions almost twice as likely on privately
owned land than on publicly owned land.
Individual forest types varied widely in terms of
historical invasions, but ownership alone was
the deciding factor for the most-invaded forest

types. There were no forest types for which

a remediation focus on public land would be
efficient, i.e., consideration of privately owned
lands is probably necessary for controlling
invasive plants. For the least-invaded forest
types, there were several instances for which
the efficiency of a conservation focus on either
public or private land would depend on the
forest type.

The Digital Mobile Sketch Mapper (DMSM)
platform is replacing the Digital Aerial Sketch
Mapper (DASM) platform as the primary
way that data are collected, stored, accessed,
and processed for the national Insect and
Disease Survey, coordinated by the Forest
Health Assessment and Applied Sciences Team
(FHAAST) of the Forest Health Protection (FHP)
program (ch. 7). One goal of this change is
to better allow for accurate reporting of total
damage across multiple regions and nationally,
despite the variability in canopy density across
and even within regions. This concept of
“acres of” damage, rather than “acres with”
damage, can be helpful when comparing
damage summaries across different regions,
hosts, or agents. The use of mortality and
defoliation severity classes in DMSM will allow
for an initial estimate of “acres of” damage by
multiplying polygon or grid “acres with” damage
by the midpoint of the assigned mortality or
defoliation class. Further adjustments for treed
cover will have less of an impact on “acres of”
damage but may be necessary for large, general
polygons and grid cells. The National Land
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Cover Database produces a Tree Canopy Cover
(TCC) raster that can be used with a threshold
to delineate treed and untreed area for the
purposes of “acres of” damage calculations.
Important considerations include region and
forest type of interest, with arid western areas
requiring a lower TCC threshold than wetter
eastern forests. Crosswalking legacy measures of

damage severity with DMSM will be challenging.

Further analysis and testing are recommended
to determine the appropriate methodology for
representing cumulative “acres of” damage in an
outbreak that spans both DASM and DMSM.

Finally, three recently completed Evaluation
Monitoring (EM) projects address a wide variety
of forest health concerns at a scale smaller than
the national or multi-State regional analyses
included in the first sections of the report. These
EM projects (funded by the FHM program):

e Investigated the causes of a dramatic decline
of bishop pine (Pinus muricata) stands in
California’s northern coastal areas using
dendroecological methods and an inventory
of pathogen and insect problems present in
these stands (ch. 8);

¢ Documented the infestation of myoporum
thrips (Klambothrips myopori) and resulting
dieback rates of the native naio (Myoporum
sandwicense) on the Big Island of Hawai‘i,
where this native tree species has high
cultural and ecological importance (ch. 9);
and

e Compared the relationship between forest
structure and environmental gradients to
predict changes in surface and canopy fuels of
Great Basin bristlecone pine (Pinus longaeva)
communities with increasing temperatures in
Nevada and western Utah (ch. 10).

The FHM program, in cooperation with
forest health specialists and researchers inside
and outside the Forest Service, continues to
investigate a broad range of issues relating
to forest health using a wide variety of data
and techniques. This report presents some
of the latest results from ongoing national-
scale detection monitoring and smaller scale
environmental monitoring efforts by FHM and
its cooperators. For more information about
efforts to determine the status, changes, and
trends in indicators of the condition of U.S.
forests, please visit the FHM Web site at www.
fs.fed.us/foresthealth/fhm.
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orests cover a vast area of the United

States, 304 million ha or approximately

one-third of the Nation’s land area (Smith
and others 2009). These forests possess the
capacity to provide a broad range of goods and
services to current and future generations, to
safeguard biological diversity, and to contribute
to the resilience of ecosystems, societies, and
economies (USDA Forest Service 2011). Their
ecological roles include supplying large and
consistent quantities of clean water, preventing
soil erosion, and providing habitat for a broad
diversity of plant and animal species. Their
socioeconomic benefits include wood products,
nontimber goods, recreational opportunities,
and pleasing natural beauty. Both the ecological
integrity and the continued capacity of these
forests to provide ecological and economic
goods and services are of concern, however,
in the face of a long list of threats, including
insect and disease infestation, fragmentation
and conversion to other land uses, catastrophic
fire, invasive species, and the effects of
climate change.

Natural and anthropogenic stresses
vary among biophysical regions and local
environments; they also change over time and
interact with each other. These and other factors
make it challenging to establish baselines of
forest health and to detect important departures
from normal forest ecosystem functioning
(Riitters and Tkacz 2004). Monitoring the health
of forests is a critically important task, however,
reflected within the Criteria and Indicators for
the Conservation and Sustainable Management
of Temperate and Boreal Forests (Montréal

Process Working Group 1995), which the Forest
Service, U.S. Department of Agriculture (USDA),
uses as a forest sustainability assessment
framework (USDA Forest Service 2004, 2011).
The primary objective of such monitoring is to
identify ecological resources whose condition is
deteriorating in subtle ways over large regions
in response to cumulative stresses, a goal that
requires consistent, large-scale, and long-term
monitoring of key indicators of forest health
status, change, and trends (Riitters and Tkacz
2004). This is best accomplished through

the participation of multiple Federal, State,
academic, and private partners.

Although the concept of a healthy forest has
universal appeal, forest ecologists and managers
have struggled with how exactly to define
forest health (Teale and Castello 2011), and
there is no universally accepted definition. Most
definitions of forest health can be categorized
as representing an ecological or a utilitarian
perspective (Kolb and others 1994). From an
ecological perspective, the current understanding
of ecosystem dynamics suggests that healthy
ecosystems are those that are able to maintain
their organization and autonomy over time
while remaining resilient to stress (Costanza
1992), and that evaluations of forest health
should emphasize factors that affect the inherent
processes and resilience of forests (Edmonds and
others 2011, Kolb and others 1994, Raffa and
others 2009). On the other hand, the utilitarian
perspective holds that a forest is healthy if
management objectives are met, and that a
forest is unhealthy if these objectives are not met
(Kolb and others 1994). Although this definition
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may be appropriate when a single, unambiguous
management objective exists, such as the
production of wood fiber or the maintenance

of wilderness attributes, it is too narrow when
multiple management objectives are required
(Edmonds and others 2011, Teale and Castello
2011). Teale and Castello (2011) incorporate
both ecological and utilitarian perspectives

into their two-component definition of forest
health: first, a healthy forest must be sustainable
with respect to its size structure, including a
correspondence between baseline and observed
mortality; second, a healthy forest must meet
the landowner’s objectives, provided that these
objectives do not conflict with sustainability.

This national report, the 18th in an annual
series sponsored by the Forest Health Monitoring
(FHM) program of the Forest Service, attempts
to quantify the status of, changes to, and trends
in a wide variety of broadly defined indicators
of forest health. The indicators described in
this report encompass forest insect and disease
activity, wildland fire occurrence, drought, tree
mortality, and invasive species, among others.
The previous reports in this series are Ambrose
and Conkling (2007, 2009), Conkling (2011),
Conkling and others (2005), Coulston and
others (2005a, 2005b, 2005c¢), and Potter and
Conkling (2012a, 2012b, 20134, 2013b, 2014,
2015a, 2015b, 2016, 2017, 2018).

This report has three specific objectives.
The first is to present information about
forest health from a national perspective, or
from a multi-State regional perspective when
appropriate, using data collected by the Forest

Health Protection (FHP) and Forest Inventory
and Analysis (FIA) programs of the Forest
Service, as well as from other sources available
at a wide extent. The chapters that present
analyses at a national scale, or multi-State
regional scale, are divided between section 1
and section 2 of the report. Section 1 presents
results from the analyses of forest health data
that are available on an annual basis. Such
repeated analyses of regularly collected indicator
measurements allow for the detection of trends
over time and help establish a baseline for
future comparisons (Riitters and Tkacz 2004).
Section 2 presents longer term forest health
trends, in addition to describing new techniques
for analyzing forest health data at national or
regional scales (the second objective of the
report). While in-depth interpretation and
analysis of specific geographic or ecological
regions are beyond the scope of these parts

of the report, the chapters in sections 1 and

2 present information that can be used to
identify areas that may require investigation at a
finer scale.

The second objective of the report is to
present new techniques for analyzing forest
health data as well as new applications of
established techniques, often applied to longer
timescales, presented in selected chapters
of section 2. Examples in this report are
chapters 6 and 7, which, respectively, identity
forest types in the Eastern United States with
relatively high or low probabilities of invasion
by invasive plants, and explore approaches for
more accurately reporting insect and disease



damage across multiple regions and nationally
using the new Digital Mobile Sketch Mapper
(DMSM) platform.

The third objective of the report is to present
results of recently completed Evaluation
Monitoring (EM) projects funded through
the FHM national program. These project
summaries, presented in section 3, determine
the extent, severity, and/or cause of forest health
problems (FHM 2016), generally at a finer scale
than that addressed by the analyses in sections
1 and 2. Each of the three chapters in section 3
contains an overview of an EM project, key
results, and contacts for more information.

When appropriate throughout this report,
authors use the Forest Service revised ecoregions
for the conterminous United States and Alaska
(Cleland and others 2007, Nowacki and Brock
1995) as a common ecologically based spatial
framework for their forest health assessments
(fig. 1.1). (No corresponding ecoregion data exist
for Hawaii and the U.S. Caribbean territories.)
Specifically, when the spatial scale of the data
and the expectation of an identifiable pattern in
the data are appropriate, authors use ecoregion
sections or provinces as assessment units for
their analyses. Bailey’s hierarchical system bases
the two broadest ecoregion scales, domains and
divisions, on large ecological climate zones,
while each division is broken into provinces
based on vegetation macro features (Bailey
1995). Provinces are further divided into
sections, which may be thousands of km? in area
and are expected to encompass regions similar

in their geology, climate, soils, potential natural
vegetation, and potential natural communities
(Cleland and others 1997).

THE FOREST HEALTH
MONITORING PROGRAM

The national FHM program is designed to
determine the status, changes, and trends in
indicators of forest condition on an annual
basis and covers all forested lands through a
partnership encompassing the Forest Service,
State foresters, and other State and Federal
agencies and academic groups (FHM 2016). The
FHM program utilizes data from a wide variety of
data sources, both inside and outside the Forest
Service, and develops analytical approaches for
addressing forest health issues that affect the
sustainability of forest ecosystems. The FHM
program has four major components (fig. 1.2):

e Detection Monitoring—nationally standardized
aerial and ground surveys to evaluate status
and change in condition of forest ecosystems
(sections 1 and 2 of this report).

¢ Evaluation Monitoring—projects to determine
the extent, severity, and causes of undesirable
changes in forest health identified through
Detection Monitoring (section 3 of this report).

e Research on Monitoring Techniques—work
to develop or improve indicators, monitoring
systems, and analytical techniques, such as
urban and riparian forest health monitoring,
early detection of invasive species, multivariate
analyses of forest health indicators, and spatial
scan statistics (section 2 of this report).
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Figure 1.1—Ecoregion provinces and sections for the
conterminous United States (Cleland and others 2007)

and Alaska (Nowacki and Brock 1995). Ecoregion sections
within each ecoregion province are shown in the same
color. Note that no equivalent ecoregion treatments exist for
Hawaii, Puerto Rico, and the U.S. Virgin Islands.



Alaska ecoregion provinces

] Alaska Mixed Forest (213)
[] Alaska Range Taiga (135)
[ Aleutian Meadow (271)

[ Arctic Tundra (121)

[ Bering Sea Tundra (129)

[ Brooks Range Tundra (125)
] Pacific Coastal Icefields (244)
Il Pacific Gulf Coast Forest (245)
[ Upper Yukon Taiga (139)

[ Yukon Intermontaine Taiga (131)

Conterminous States ecoregion provinces

I Adirondack-New England Mixed Forest - Coniferous Forest - Alpine Meadow (M211)
] American Semi-Desert and Desert (322)

[ Arizona-New Mexico Mountains Semi-Desert - Open Woodland - Coniferous Forest - Alpine Meadow (M313)
[ Black Hills Coniferous Forest (M334)

[_] California Coastal Chaparral Forest and Shrub (261)

[ California Coastal Range Open Woodland - Shrub - Coniferous Forest - Meadow (M262)
[ California Coastal Steppe - Mixed Forest - Redwood Forest (263)

[ California Dry Steppe (262)

[ Cascade Mixed Forest - Coniferous Forest - Alpine Meadow (M242)

Il Central Appalachian Broadleaf Forest - Coniferous Forest - Meadow (M221)

I Central Interior Broadleaf Forest (223)

[ Chihuahuan Semi-Desert (321)

[ Colorado Plateau Semi-Desert (313)

[ Eastern Broadleaf Forest (221)

1 Everglades (411)

[] Great Plains - Palouse Dry Steppe (331)

[ Great Plains Steppe (332)

[ Intermountain Semi-Desert and Desert (341)

[ Intermountain Semi-Desert (342)

[ Laurentian Mixed Forest (212)

[ Lower Mississippi Riverine Forest (234)

[ Middle Rocky Mountain Steppe - Coniferous Forest - Alpine Meadow (M332)

[] Midwest Broadleaf Forest (222)

[ Nevada-Utah Mountains Semi-Desert - Coniferous Forest - Alpine Meadow (M341)
[ Northeastern Mixed Forest (211)

[ Northern Rocky Mountain Forest-Steppe - Coniferous Forest - Alpine Meadow (M333)
[_] Ouachita Mixed Forest-Meadow (M231)

[1 Outer Coastal Plain Mixed Forest (232)

[_] Ozark Broadleaf Forest (M223)

I Pacific Lowland Mixed Forest (242)

[ Prairie Parkland (Subtropical) (255)

[ Prairie Parkland (Temperate) (251)

[ Sierran Steppe - Mixed Forest - Coniferous Forest - Alpine Meadow (M261)

[ Southeastern Mixed Forest (231)

Il Southern Rocky Mountain Steppe - Open Woodland - Coniferous Forest - Alpine Meadow (M331)
[ Southwest Plateau and Plains Dry Steppe and Shrub (315)
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Figure 1.2—The design of the Forest Health Monitoring (FHM) program.

e Analysis and Reporting—synthesis of
information from various data sources within
and external to the Forest Service to produce
issue-driven reports on status and change in
forest health at national, regional, and State
levels (sections 1, 2, and 3 of this report).

The FHM program, in addition to national
reporting, generates regional and State reports,
often in cooperation with FHM partners, both
within the Forest Service and in State forestry

and agricultural departments. For example, the
FHM regions cooperate with their respective
State partners to produce the annual Forest
Health Highlights report series, available on the
FHM Web site at www.fs.fed.us/foresthealth/
fhm. Other examples include Steinman (2004)
and Harris and others (2011).

The FHM program and its partners also
produce reports and journal articles on
monitoring techniques and analytical methods,
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including forest health data (Potter and others
2016, Siry and others 2018, Smith and Conkling
2004); soils as an indicator of forest health
(O'Neill and others 2005); urban forest health
monitoring (Bigsby and others 2014; Cumming
and others 2006, 2007; Lake and others 2006);
remote sensing of forest disturbances (Chastain
and others 2015, Rebbeck and others 2015);
health conditions in national forests (Morin

and others 2006); crown conditions (Morin

and others 2015; Randolph 2010a, 2010b,

2013; Randolph and Moser 2009; Schomaker
and others 2007); indicators of regeneration
(McWilliams and others 2015); vegetation
diversity and structure (Schulz and Gray 2013,
Schulz and others 2009, Simkin and others
2016); forest lichen communities (Jovan and
others 2012, Root and others 2014); downed
woody materials in forests (Woodall and others
2012, 2013); drought (Vose and others 2016);
ozone monitoring (Rose and Coulston 2009);
patterns of nonnative invasive plant occurrence
(Guo and others 2015, 2017; ITannone and
others 2015, 2016a, 2016b; Jo and others

2018; Oswalt and others 2015; Riitters and
others 2018); assessments of alien-invasive
forest insect and disease risk (Koch and others
2011, 2014; Krist and others 2014; Vogt and
Koch 2016; Yemshanov and others 2014); spatial
patterns of landcover (Riitters 2011; Riitters and
Costanza 2019; Riitters and others 2012, 2016,
2017; Riitters and Wickham 2012); impacts of
deer browse on forest structure (Russell and
others 2017); broad-scale assessments of forest
biodiversity (Potter 2018; Potter and Koch 2014;
Potter and Woodall 2012, 2014); predictions and

indicators of climate change effects on forests
and forest tree species (Fei and others 2017,
Heath and others 2015, Potter and Hargrove
2013); and the overall forest health indicator
program (Woodall and others 2010).

For more information about the FHM
program, visit the FHM Web site at www.fs.fed.
us/foresthealth/fhm. Among other resources, this
Web site includes links to all past national forest
health reports (www.fs.fed.us/foresthealth/fhm/
pubs), information about funded Evaluation
Monitoring projects (www.fs.fed.us/foresthealth/
thm/em), and annual State forest health
highlight reports (www.fs.fed.us/foresthealth/
thm/thh/thmusamap.shtml).

DATA SOURCES

Forest Service data sources in this edition of
the FHM national report include FIA annualized
Phase 2 and Phase 3 survey data (Bechtold
and Patterson 2005, Woodall and others 2010,
Woudenberg and others 2010); FHP national 11
Insect and Disease Survey forest mortality and
defoliation data for 2017 (FHP 2018); Moderate
Resolution Imaging Spectroradiometer (MODIS)
Active Fire Detections for the United States data
for 2017 (USDA Forest Service 2017); forest
cover data developed from MODIS satellite
imagery by the Forest Service Geospatial
Technology and Applications Center (GTAC);
and FIA’s publicly available Environmental
Monitoring and Assessment Program (EMAP)
hexagons (Brand and others 2000). Other
sources of data include Parameter-elevation
Regression on Independent Slopes Model
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(PRISM) climate mapping system data (PRISM
Climate Group 2018) and tree canopy cover data
generated from the 2011 National Land Cover
Database (Homer and others 2015) through

a cooperative project between the Multi-
Resolution Land Characteristics Consortium and
GTAC (Coulston and others 2012).

As a major source of data for several FHM
analyses, the FIA program merits detailed
description. The FIA program collects forest
inventory information across all forest land
ownerships in the United States and maintains
a network of more than 130,000 permanent
forested ground plots across the conterminous
United States and southeastern Alaska, with
a sampling intensity of approximately one
plot/2428 ha. Forest Inventory and Analysis
Phase 2 encompasses the annualized inventory
measured on plots at regular intervals, with each
plot surveyed every 5 to 7 years in most Eastern
States, but with plots in the Rocky Mountain and
Pacific Northwest regions surveyed once every
10 years (Reams and others 2005). The standard
0.067-ha plot (fig. 1.3) consists of four 7.315-m
(24-foot) radius subplots (approximately
168.6 m? or 1/24th acre), on which field crews
measure trees at least 12.7 cm (5 inches) in
diameter. Within each of these subplots is
nested a 2.073-m (6.8-foot) radius microplot
(approximately 13.48 m? or 1/300th acre),
on which crews measure trees smaller than
12.7 cm (5 inches) in diameter. A core-optional
variant of the standard design includes four
“macroplots,” each with a radius of 17.953 m
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Figure 1.3—The Forest Inventory and Analysis mapped plot design.
Subplot 1 is the center of the cluster with subplots 2, 3, and 4 located
120 feet away at azimuths of 360°, 120°, and 240°, respectively
(Woudenberg and others 2010).

(or approximately 0.1012 ha) that originates at
the center of each subplot (Woudenberg and
others 2010).

Forest Inventory and Analysis Phase 3 plots
have represented a subset of these Phase 2 plots,
with one Phase 3 plot for every 16 standard FIA
Phase 2 plots. In addition to traditional forest
inventory measurements, data for a variety
of important ecological indicators have been
collected from Phase 3 plots, including tree
crown condition, lichen communities, downed



woody material, soil condition, and vegetation
structure and diversity, whereas data on ozone
bioindicator plants are collected on a separate
grid of plots (Woodall and others 2010, 2011).
Most of these additional forest health indicators
were measured as part of the FHM Detection
Monitoring ground plot system prior to 2000!
(Palmer and others 1991).

FHM REPORT PRODUCTION

This FHM national report, the 18th in a series
of such annual documents, is produced by forest
health monitoring researchers at the Eastern
Forest Environmental Threat Assessment Center
(EFETAC) in collaboration with North Carolina
State University cooperators. A unit of the
Southern Research Station of the Forest Service,
EFETAC was established under the Healthy
Forests Restoration Act of 2003 to generate
the knowledge and tools needed to anticipate
and respond to environmental threats. For
more information about the research team and
about threats to U.S. forests, please visit www.
forestthreats.org/about.
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SECTION 1.

Analyses of
Short-Term Forest
Health Data






INTRODUCTION

nsects and diseases cause changes in forest
Istructure and function, species succession, and

biodiversity, which may be considered negative
or positive depending on management objectives
(Edmonds and others 2011). An important
task for forest managers, pathologists, and
entomologists is recognizing and distinguishing
between natural and excessive mortality, a task
that relates to ecologically based or commodity-
based management objectives (Teale and
Castello 2011). The impacts of insects and
diseases on forests vary from natural thinning
to extraordinary levels of tree mortality, but
insects and diseases are not necessarily enemies
of the forest because they kill trees (Teale
and Castello 2011). If disturbances, including
insects and diseases, are viewed in their full
ecological context, then some amount can be
considered “healthy” to sustain the structure
of the forest (Manion 2003, Zhang and others
2011) by causing tree mortality that culls weak
competitors and releases resources that are
needed to support the growth of surviving trees
(Teale and Castello 2011).

Analyzing patterns of forest insect
infestations, disease occurrences, forest
declines, and related biotic stress factors is
necessary to monitor the health of forested
ecosystems and their potential impacts on
forest structure, composition, biodiversity, and
species distributions (Castello and others 1995).
Introduced nonnative insects and diseases,
in particular, can extensively damage the
biodiversity, ecology, and economy of affected

areas (Brockerhoff and others 2006, Mack and
others 2000). Few forests remain unaffected by
invasive species, and their devastating impacts in
forests are undeniable, including, in some cases,
wholesale changes to the structure and function
of an ecosystem (Parry and Teale 2011).

Examining insect pest occurrences and
related stress factors from a landscape-scale
perspective is useful, given the regional
extent of many infestations and the large-
scale complexity of interactions between host
distribution, stress factors, and the development
of insect pest outbreaks (Holdenrieder and
others 2004, Liebhold and others 2013). One
such landscape-scale approach is detecting
geographic patterns of disturbance, which allows
for the identification of areas at greater risk of
significant ecological and economic impacts and
for the selection of locations for more intensive
monitoring and analysis.

METHODS
Data

Forest Health Protection (FHP) national Insect
and Disease Survey (IDS) data (FHP 2018)
consist of information from low-altitude aerial
survey and ground survey efforts by FHP and
partners in State agencies. These data can be
used to identify forest landscape-scale patterns
associated with geographic hot spots of forest
insect and disease activity in the conterminous
48 States and to summarize insect and disease
activity by ecoregion in Alaska (Potter 2012,
2013; Potter and Koch 2012; Potter and
Paschke 2013, 2014, 2015a, 2015b, 2016, 2017;
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Potter and others 2018) and by island in Hawaii
(Potter and Paschke 2015b, 2017).

The IDS data identify areas of mortality
and defoliation caused by insect and disease
activity, although some important forest insects
[such as emerald ash borer (Agrilus planipennis)
and hemlock woolly adelgid (Adelges tsugae)],
diseases [such as laurel wilt (Raffaelea lauricola),
Dutch elm disease (Ophiostoma novo-ulmi),
white pine blister rust (Cronartium ribicola),
and thousand cankers disease (Geosmithia
morbida)], and mortality complexes (such as oak
decline) are not easily detected or thoroughly
quantified through aerial detection surveys.
Such pests may attack hosts that are widely
dispersed throughout forests with high tree
species diversity or may cause mortality or
defoliation that is otherwise difficult to detect.
A pathogen or insect might be considered a
mortality-causing agent in one location and a
defoliation-causing agent in another, depending
on the level of damage to the forest in a given
area and the convergence of other stress factors
such as drought. In some cases, the identified
agents of mortality or defoliation are actually
complexes of multiple agents summarized under
an impact label related to a specific host tree
species (e.g., “beech bark disease complex” or
“yellow-cedar decline”). Additionally, differences
in data collection, attribute recognition, and
coding procedures among States and regions can
complicate data analysis and interpretation of
the results.

In 2017, IDS surveys of the conterminous
United States covered about 202.17 million ha,

of which approximately 140.36 million ha were
forested (about 55.1 percent of the total forested
area of the conterminous States). A total of
161.87 million ha were surveyed using the
new Digital Mobile Sketch Mapping (DMSM)
approach (fig. 2.1), while an additional 52.29
million ha were surveyed in 2017 using the
legacy Digital Aerial Sketch Mapping (DASM)
approach. (These numbers exceed the total
area surveyed because of overlaps in locations
covered by the two methodologies.) In Alaska,
roughly 5.94 million ha were surveyed in 2017,
using the DMSM approach, of which 3.76
million ha were forested, about 7.3 percent of
the total forested area of the State. For Hawaii,
slightly >1 million ha were surveyed in 2017,
with 530 500 ha forested, approximately 80.1
percent of the State’s total forested area.

Digital Mobile Sketch Mapping includes tablet
hardware, software, and data support processes
that allow trained aerial surveyors in light
aircraft, as well as ground observers, to record
forest disturbances and their causal agents.
Digital Mobile Sketch Mapping is replacing the
legacy DASM approach and will greatly enhance
the quality and quantity of forest health data
while improving safety by integrating with
programs such as operational remote sensing
(ORS), which uses satellite imagery to monitor
disturbances in areas of higher aviation risk
(FHP 2016). Geospatial data collected with
DMSM and DASM are stored in the national
Insect and Disease Survey (IDS) database.
Digital Mobile Sketch Mapping includes both
polygon geometry, used for damage areas where
boundaries are discrete and obvious from the air,
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Figure 2.1—The extent of surveys for insect and disease activity conducted in the conterminous United States, Alaska, and Hawaii in 2017.
Gray areas were surveyed using the new Digital Mobile Sketch Mapping (DMSM) platform, rather than the older Digital Aerial Sketch
Mapping (DASM) approach, which is portrayed in green. The blue lines delineate Forest Health Monitoring regions. Note: Alaska and Hawaii
are not shown to scale with map of the conterminous United States. For West Virginia, the survey was ground survey-based with assistance
from remote sensing. (Data source: U.S. Department of Agriculture Forest Service, Forest Health Protection)
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and point geometry, used for small clusters of
damage where the size and shape of the damage
are less important than recording the location of
damage, such as for sudden oak death, southern
pine beetle (Dendroctonus frontalis), and some
types of bark beetle damage in the West. For

the 2017 data, most of the points that did not
overlap with a damage polygon of the same type
were assigned an area of 0.8 ha (about 2 acres).
Additionally, DMSM allows for the use of grid
cells (240-, 480-, 960-, or 1920-m resolution) to
estimate the percent of trees affected by damages
that may be widespread and diffuse, such as
those associated with European gypsy moth
(Lymantria dispar dispar) and emerald ash borer.
For our analyses, the entire areas of these grid
cells were used in summing damage areas (e.g.,
240-m cell = 5.76 ha).

The 2017 mortality and defoliation polygons
were used to identify the select mortality
and defoliation agents and complexes
causing damage on >5000 ha of forest in the
conterminous United States in that year, and
to identify and list the most widely detected
mortality and defoliation agents for Alaska
and mortality agents for Hawaii. Because of
the insect and disease aerial sketch-mapping
process (i.e., digitization of polygons by a human
interpreter aboard the aircraft), all quantities
are approximate “footprint” areas for each agent
or complex, delineating areas of visible damage
within which the agent or complex is present.
Unaffected trees may exist within the footprint,
and the amount of damage within the footprint
is not reflected in the estimates of forest area
affected. The sum of areas affected by all agents

and complexes is not equal to the total affected
area as a result of reporting multiple agents per
polygon in some situations.

Analyses

As an indicator of the extent of damaging
insect and disease agents, we summarized the
percent of surveyed area with tree canopy cover
exposed to mortality and defoliation separately
for ecoregions within the conterminous 48
States and Alaska, and for islands in Hawaii. This
required first separately dissolving the mortality
and defoliation polygon boundaries to generate
an overall footprint of each general type of
disturbance, and then masking the dissolved
polygons using a forest cover map (1-km
resolution) derived from Moderate Resolution
Imaging Spectroradiometer (MODIS) satellite
imagery by the U.S. Department of Agriculture
Forest Service, Geospatial Technology and
Applications Center (USDA Forest Service
2008). The same process was undertaken with
the polygons of the surveyed area. For the
conterminous States, percent of surveyed area
with tree canopy cover exposed to mortality and
defoliation was calculated within each of 190
ecoregion sections (Cleland and others 2007).
Similarly, the mortality and defoliation data
were summarized by ecoregion section in Alaska
(Nowacki and Brock 1995). In Hawalii, the
percent of surveyed forest affected by mortality
or defoliation agents was calculated by island
with the exception of the Big Island, where
this information was summarized for each of
eight county council districts to better assess
the prevalence of rapid ‘6hi‘a death. Statistics
were not calculated for analysis regions in the



conterminous United States or Hawaii with
<5 percent of the forest surveyed, nor in Alaska
with <2.5 percent surveyed.

Additionally, we used the Spatial Association
of Scalable Hexagons (SASH) analytical
approach to identify surveyed forest areas in
the conterminous 48 States with the greatest
exposure to the detected mortality-causing
and defoliation-causing agents and complexes
(from data collected using both DMSM and
DASM). This method identifies locations where
ecological phenomena occur at greater or lower
frequency than expected by random chance
and is based on a sampling frame optimized for
spatial neighborhood analysis, adjustable to the
appropriate spatial resolution, and applicable to
multiple data types (Potter and others 2016).
Specifically, it consists of dividing an analysis
area into scalable equal-area hexagonal cells
within which data are aggregated, followed by
identifying statistically significant geographic
clusters of hexagonal cells within which mean
values are greater or less than those expected by
chance. To identify these clusters, we employed
a Getis-Ord (G;*) hot spot analysis (Getis and
Ord 1992) in ArcMap® 10.3 (ESRI 2015). We
conducted two sets of hot spot analyses for
both mortality-causing and defoliation-causing
agents: one nationally, and one for each of the
five Forest Health Monitoring (FHM) regions
within the continental United States (West
Coast, Interior West, North Central, North East,
and South).

The units of analysis were 9,810 hexagonal
cells, each approximately 834 km? in area,

generated in a lattice across the conterminous

United States using intensification of the

Environmental Monitoring and Assessment

Program (EMAP) North American hexagon

coordinates (White and others 1992). These

coordinates are the foundation of a sampling

frame in which a hexagonal lattice was projected

onto the conterminous United States by

centering a large base hexagon over the region

(Reams and others 2005, White and others

1992). This base hexagon can be subdivided

into many smaller hexagons, depending on

sampling needs, and serves as the basis of the

plot sampling frame for the Forest Inventory

and Analysis (FIA) program (Reams and others

2005). Importantly, the hexagons maintain

equal areas across the study region regardless

of the degree of intensification of the EMAP

hexagon coordinates. In addition, the hexagons

are compact and uniform in their distance to

the centroids of neighboring hexagons, meaning

that a hexagonal lattice has a higher degree of

isotropy (uniformity in all directions) than does 25
a square grid (Shima and others 2010). These
are convenient and highly useful attributes for
spatial neighborhood analyses. These scalable
hexagons also are independent of geopolitical
and ecological boundaries, avoiding the
possibility of different sample units (such as
counties, States, or watersheds) encompassing
vastly different areas (Potter and others 2016).
We selected hexagons 834 km? in area because
this is a manageable size for making monitoring
and management decisions in analyses that are
national in extent (Potter and others 2016).
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We used a different variable for this set of hot
spot analyses than in previous reports, when
we focused on the percentage of area with tree
canopy cover in each hexagon exposed to either
mortality-causing or defoliation-causing agents,
based on the footprints of these disturbances.
With the transition from the DASM to the
DMSM data collection approach, the hot spot
analyses need to account for the existence of
three types of data: point geometry, polygon
geometry, and grid cells (see above). We
therefore used a point sampling approach that
estimates the number of mortality or defoliation
point occurrences per 100 km? of tree canopy
coverage area within each hexagon. For this
estimation, point detections remained as point
occurrences. Polygons (including grid cells) were
clipped by 240-m tree canopy cover data and
converted from multipart to singlepart geometry.
We derived the tree canopy cover data from a
30-m raster dataset that provides an estimate
of the percent tree canopy cover (from 0 to 100
percent) for each grid cell and was generated
from the 2011 National Land Cover Database
(Homer and others 2015) through a cooperative
project between the Multi-Resolution Land
Characteristics Consortium and the Forest
Service Geospatial Technology and Applications
Center (Coulston and others 2012). For our
purposes, we treated any cell with >0 percent
tree canopy cover as forest. The mortality and
defoliation polygons, after clipping by the tree
canopy data, were then separated into two
groups: small polygons <5.76 ha in area (the size
of the smallest resolution [240-m] DMSM grid
cells), and large polygons >5.76 ha in area. For

the small polygons, we extracted the centroid
points for each. For the large polygons, we
employed a zonal statistics analysis to determine
the number of 240-m tree canopy grid cells (i.e.,
center points) contained within each polygon,
after we intersected them with the 834-km?
hexagons. The zonal statistics approach has

the additional advantage of accounting for
overlapping polygons; that is, it can iteratively
calculate the number of tree canopy grid center
points contained within each of any number

of stacked mortality or defoliation polygons.
The three types of resulting point occurrence
data (from the original point detections, from
the centroids of the small polygons, and from
the 240-m tree canopy grid center points from
the large polygons) were added together for
each hexagon, with the sum of mortality and
defoliation point occurrences divided by the
total tree canopy coverage area present in

the hexagon.

The Getis-Ord G * statistic was then used to
identify clusters of hexagonal cells in which
the density of occurrences of mortality- or
defoliation-causing insects and diseases was
higher than expected by chance. This statistic
allows for the decomposition of a global measure
of spatial association into its contributing factors,
by location, and is therefore particularly suitable
for detecting instances of nonstationarity in
a dataset, such as when spatial clustering is
concentrated in one subregion of the data
(Anselin 1992).

The Getis-Ord G * statistic for each hexagon
summed the differences between the mean



values in a local sample, determined by a
moving window consisting of the hexagon and
its 18 first- and second-order neighbors (the

6 adjacent hexagons and the 12 additional
hexagons contiguous to those 6) and a global
mean. Our first analysis encompassed a global
mean of all the forested hexagonal cells in the
conterminous 48 States, while we conducted
another set of analyses separately within each
of the five FHM regions. The G;* statistic was
standardized as a z-score with a mean of 0

and a standard deviation of 1, with values
>1.96 representing significant (p <0.025) local
clustering of high values and values <-1.96
representing significant clustering of low values
(p <0.025), since 95 percent of the observations
under a normal distribution should be within
approximately two (exactly 1.96) standard
deviations of the mean (Laffan 2006). In other
words, a G;* value of 1.96 indicates that the
local mean of the percentage of forest exposed
to mortality-causing or defoliation-causing
agents for a hexagon and its 18 neighbors is
approximately two standard deviations greater
than the mean expected in the absence of
spatial clustering, while a G;* value of -1.96
indicates that the local mortality or defoliation
mean for a hexagon and its 18 neighbors is
approximately two standard deviations less than
the mean expected in the absence of spatial
clustering. Values between -1.96 and 1.96 have
no statistically significant concentration of high
or low values. In other words, when a hexagon
has a G;* value between -1.96 and 1.96,
mortality or defoliation damage within it and its
18 neighbors is not statistically different from

a normal expectation. As described in Laffan
(2006), it is calculated as

_ 2wy (d) xj= WX *

G/ (d) 5
(ns 11‘)—Wi*2
n—1

g *

where

G;* = the local clustering statistic (in this case,
for the target hexagon)

i = the center of local neighborhood (the
target hexagon)

d = the width of local sample window (the
target hexagon and its first- and second-order
neighbors)

xj = the value of neighbor j

wjj = the weight of neighbor j from location i
(all the neighboring hexagons in the moving
window were given an equal weight of 1) 2]

n = number of samples in the dataset (the
9,810 hexagons)

W = the sum of the weights

s*; = the number of samples within d of the
central location (19: the focal hexagon and its
18 first- and second-order neighbors)

x* = mean of whole dataset (in this case, for
all 9,810 hexagons)

s* = the standard deviation of whole dataset
(for all 9,810 hexagons)
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It is worth noting that the -1.96 and
1.96 threshold values are not exact because
the correlation of spatial data violates the
assumption of independence required for
statistical significance (Laffan 2006). The Getis-
Ord approach does not require that the input
data be normally distributed because the local
G;* values are computed under a randomization
assumption, with G;* equating to a standardized
z-score that asymptotically tends to a normal
distribution (Anselin 1992). The z-scores are
reliable, even with skewed data, as long as the
distance band used to define the local sample
around the target observation is large enough
to include several neighbors for each feature
(ESRI 2015).

The low density of survey data in 2017 from
Alaska and the small spatial extent of Hawaii
(fig. 2.1) precluded the use of Getis-Ord G;* hot
spot analyses for these States.

RESULTS AND DISCUSSION
Conterminous United States Mortality

The national IDS survey data identified 63
different mortality-causing agents and complexes
on approximately 3.27 million ha across the
conterminous United States in 2017, similar to
the combined land area of Massachusetts and
Connecticut. By way of comparison, forests are
estimated to cover approximately 252 million ha
of the conterminous 48 States (Smith and others
2009). Twenty-three of the agents were detected
on >5000 ha.

Emerald ash borer was the most widespread
mortality agent in 2017, identified on 1.42
million ha (table 2.1). Four other mortality
agents and complexes were detected on
>100 000 ha: fir engraver (Scolytus ventralis) on
959 000 ha, western pine beetle (D. brevicomis)
on 185 000 ha, mountain pine beetle
(D. ponderosae) on 165 000 ha, and spruce beetle
(D. rufipennis) on 157 000 ha. Mortality from the
western bark beetle group, which encompasses
19 different agents in the IDS data (table 2.2),
was detected on approximately 1.61 million ha
in 2017, representing about half the total area
on which mortality was recorded across the
conterminous States.

The FHM North Central region had the largest
area on which mortality agents and complexes
were detected, about 1.54 million ha (table 2.3).
Almost all of this area (1.41 million ha, or 91
percent of the total) was exposed to emerald
ash borer mortality. Eighteen other mortality-
causing agents and complexes were recorded,
with the most widespread being eastern larch
beetle (D. simplex) (5.6 percent of the mortality
area), oak decline (1.3 percent), and beech bark
disease complex (0.7 percent). As a result of
emerald ash borer infestation, 24.1 percent of
the surveyed forest in the 222K-Southwestern
Great Lakes Morainal ecoregion section
(along the western shore of Lake Michigan in
Wisconsin and Illinois), and 14.2 percent of the
neighboring 2221L.-North Central U.S. Driftless
and Escarpment, were exposed to mortality
(fig. 2.2). A geographic hot spot of extremely



Table 2.1—Mortality agents and complexes
affecting more than 5000 ha in the conterminous
United States during 2017

Agents/complexes causing mortality, 2017  Area

ha

Emerald ash borer 1424453
Fir engraver 959223
Western pine beetle 185153
Mountain pine beetle 165459
Spruce beetle 156 911
Eastern larch beetle 86504
Douglas-fir beetle 85637
Jeffrey pine beetle 55337
Western balsam bark beetle 34774
Unknown 27722
Unknown bark beetle 24284
Oak decline 21186
Root disease and beetle complex 21163
Balsam woolly adelgid 20758
Southern pine beetle 13788
Beech bark disease complex 12222
Ips engraver beetles 10760
Oak wilt 9573
Flatheaded fir borer 9240
Pinyon ips 8905
Flatheaded borer 7394
California fivespined ips 7020
Sudden oak death 6335
Other (40) 24 888
Total, all mortality agents 3266 598

Note: All values are “footprint” areas for each agent or
complex. The sum of the individual agents is not equal
to the total for all agents due to the reporting of multiple
agents per polygon.

Western bark beetle mortality agents

Common name

California fivespined ips

Cedar and cypress bark beetles
Douglas-fir beetle

Douglas-fir engraver

Fir engraver

Flatheaded borer

Ips engraver beetles

Jeffrey pine beetle

Mountain pine beetle

Pine engraver

Pinyon ips

Root disease and beetle complex
Roundheaded pine beetle
Silver fir beetle

Spruce beetle

Unknown bark beetle

Western balsam bark beetle
Western cedar bark beetle
Western pine beetle

Table 2.2—Beetle taxa included in the “western bark beetle” group

Scientific name

Ips paraconfusus
Phloeosinus spp.
Dendroctonus pseudotsugae
Scolytus unispinosus
Scolytus ventralis
Family Buprestidae
Ips spp.
Dendroctonus jeffreyi
Dendroctonus ponderosae
Ips pini
Ips confuses
N/A
Dendroctonus adjunctus
Pseudohylesinus sericeus
Dendroctonus rufipennis
N/A
Dryocoetes confuses
Phloeosinus punctatus 29
Dendroctonus brevicomis —_—
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Table 2.3—The top five mortality agents or complexes for each Forest Health Monitoring region, and for

Alaska and Hawaii, in 2017

Mortality agents and complexes, 2017

Interior West

Spruce beetle
Douglas-fir beetle
Fir engraver
Western balsam bark beetle
Unknown bark beetle
Other mortality agents (15)

Total, all mortality agents and complexes

North Central

Emerald ash borer
Eastern larch beetle
Oak decline
Beech bark disease complex
Oak wilt
Other mortality agents (14)

Total, all mortality agents and complexes

North East
Emerald ash borer
Unknown
Gypsy moth
Southern pine beetle
Balsam woolly adelgid
Other mortality agents (13)
Total, all mortality agents and complexes

Area

ha

152625
42 360
42 055
24387
22954
59732
338820

1408 766
86504
20556
11490

9561
8327
1542611

10346
6053
4954
3230
2680
4290

31497

Mortality agents and complexes, 2017

South

Southern pine beetle
Ips engraver beetles
Emerald ash borer
Unknown
Unknown bark beetle
Other mortality agents (4)

Total, all mortality agents and complexes

West Coast

Fir engraver
Western pine beetle
Mountain pine beetle
Jeffrey pine beetle
Douglas-fir beetle
Other mortality agents (23)

Total, all mortality agents and complexes

Alaska
Spruce beetle
Yellow-cedar decline
Northern spruce engraver
Unknown
Western balsam bark beetle
Total, all mortality agents and complexes

Hawaii
Unknown
Total, all mortality agents and complexes

Area

ha

10558
7487
5341
1700

139
85
25309

917 168
182 265
146 312
55269
43277
88219
1328 361

164 281
19188
2428
39

16

185 951

30320
30320

Note: The total area affected by other agents is listed at the end of each section. All values are “footprint” areas for each agent or
complex. The sum of the individual agents is not equal to the total for all agents due to the reporting of multiple agents per polygon.
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Figure 2.2—The percent of surveyed forest exposed to mortality agents, by ecoregion section within the conterminous 48 States, for 2017. The gray
lines delineate ecoregion sections (Cleland and others 2007). The 240-m tree canopy cover is based on data from a cooperative project between the
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the 2011 National Land Cover Database. (Data source: U.S. Department of Agriculture Forest Service, Forest Health Protection)
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high density of mortality occurrences was
detected in the first of these ecoregion sections
in the conterminous United States analysis, and
a hot spot of very high density was identified in
the second (fig. 2.3A). Similar hot spots were
identified in the analysis limited to the North
Central FHM region (fig. 2.3B).

All the other North Central ecoregion
sections had <1 percent forest exposure to
mortality agents, with the exception of 4.5
percent in 212M-Northern Minnesota and
Ontario (fig. 2.2), where surveyors found much
mortality associated with eastern larch beetle.

A national hot spot of moderate mortality
occurrence density was detected in this ecoregion
section as well (fig. 2.3A). Other national and
regional mortality hot spots in the North Central
region were associated with emerald ash borer,
including in 251C-Central Dissected Till Plains
(southeastern Iowa), and in 222M-Minnesota
and Northeast lowa Morainal-Oak Savannah
(northeastern Iowa and southern Minnesota)
with 212K-Western Superior Uplands.

In the FHM West Coast region, 28 mortality
agents and complexes were detected on about
1.33 million ha (table 2.3). Fir engraver was the
leading cause of mortality and was identified
on about 917 000 ha, approximately 69 percent
of the entire affected area. Other bark beetles,
including western pine beetle, mountain pine
beetle, Jeffrey pine beetle (D. jeffreyi), and
Douglas-fir beetle (D. pseudotsugae), were also
widespread causes of mortality in the region. The
first two of these were detected on approximately

182 000 ha and 146 000 ha, respectively. As a
result of bark beetle infestations, 14.7 percent of
the surveyed forest in the M261E-Sierra Nevada
ecoregion section and 10.2 percent of the forest
in M261D-Southern Cascades were exposed

to mortality (fig. 2.2). Several other ecoregion
sections in the West Coast region had between 1
and 5 percent of their surveyed forest exposed to
mortality agents.

At the same time, a hot spot of high mortality
density was centered on the M261E-Sierra
Nevada ecoregion section, and extended
into several neighboring ecoregion sections,
both for the national (fig. 2.3A) and regional
(fig. 2.3B) analyses. An additional hot spot of
high mortality density was identified in the
M332G-Blue Mountains of eastern Oregon
(in both the national and regional analyses),
associated with mortality caused by fir engraver,
mountain pine beetle, and western pine beetle.
Similarly, the national analyses identified a high-
density mortality hot spot in M333A-Okanogan
Highland, caused by western pine beetle and
several other bark beetles, including mountain
pine beetle, Douglas-fir beetle, fir engraver,
and Ips engraver beetles (Ips spp.). The same
area was a moderate-density hot spot in the
regional analysis.

The FHM Interior West region had
approximately 339 000 ha on which 20
mortality-causing agents and complexes were
detected in 2017 (table 2.3). About 45 percent
of this was associated with spruce beetle
(153 000 ha). Other bark beetles were also



Clustering and density
of mortality occurrences, 2017

[ <2 (Not clustered)

[ 2.01-6 (Clustered, moderate density)
[ 6.01-12 (Clustered, high density)

I 12.01-24 (Clustered, very high density)
Il >24 (Clustered, extremely high density)
[ <5 percent canopy cover

Clustering and density
of mortality occurrences, 2017

[ < -2 (Clustered, moderately low density)
[ -2-2 (Not clustered)

[ 2.01-6 (Clustered, moderate density)
[ 6.01—12 (Clustered, high density)

[ 12.01-24 (Clustered, very high density)
Il > 24 (Clustered, extremely high density)
[1<5 percent canopy cover

Figure 2.3—Hot spots of the density of occurrences of
mortality-causing insects and diseases in 2017 for (A) the
conterminous 48 States and (B) for separate Forest Health
Monitoring regions, by hexagons containing >5 percent

tree canopy cover. Values are Getis-Ord G* scores, with
values >2 representing significant clustering of high
mortality occurrence densities and <-2 representing
significant clustering of low mortality occurrence densities.
The gray lines delineate ecoregion sections (Cleland and
others 2007), and blue lines delineate Forest Health
Monitoring regions. Tree canopy cover is based on data from
a cooperative project between the Multi-Resolution Land
Characteristics Consortium (Coulston and others 2012)

and the Forest Service Remote Sensing Applications Center
using the 2011 National Land Cover Database. (Data
source: U.S. Department of Agriculture Forest Service, Forest
Health Protection)

33



Chapter 2

34

widely detected, including Douglas-fir beetle and
fir engraver (each about 42 000 ha, or 12 percent
of the total) and western balsam bark beetle
(Dryocoetes confusus) (24 000 ha, 7 percent).

As a result of bark beetle infestations,
several ecoregion sections in the central Rocky
Mountains experienced between 1 and 5 percent
mortality in surveyed areas with tree canopy
cover, including M331E-Uinta Mountains of
northeastern Utah (3.4 percent), M331G-South-
Central Highlands (2.5 percent) and M331F-
Southern Parks and Rocky Mountain Range (1.4
percent) of southern Colorado and northern New
Mexico, and M3311-Northern Parks and Ranges
of northern Colorado and southern Wyoming
(1.1 percent) (fig. 2.2). Most of the mortality
in these areas was attributed to spruce beetle,
although Douglas-fir beetle, western balsam
bark beetle, and mountain pine beetle were
also present.

The national Getis-Ord analysis revealed
several geographic hot spots of mortality in
the Interior West FHM region, one of which
resulted from high mortality occurrence density
(fig. 2.3A). This was caused by the spruce
beetle outbreak in southern Colorado, and was
centered on M331G-South-Central Highlands.
The regional analysis (fig. 2.3B), meanwhile,
identified four high mortality density hot spots
that were classified as moderate density hot spots
in the national analysis. These were located in:

e Northern Idaho (M333D-Bitterroot
Mountains, 331A-Palouse Prairie, M333A-
Okanogan Highland, and M332G-Blue
Mountains) associated mainly with fir
engraver as well as with mountain pine beetle,
Douglas-fir beetle, spruce beetle, and pine
engraver (Ips pini);

¢ North-central Utah (M331D-Overthrust
Mountains, M331E-Uinta Mountains,
M341C-Utah High Plateau, and M341B-
Tavaputs Plateau), the result of spruce beetle
in Engelmann spruce, Marssonina blight
(Drepanopeziza spp.) in quaking aspen (Populus
tremuloides), Douglas-fir beetle in Douglas-fir,
root disease and beetle complex in subalpine
fir (Abies lasiocarpa), and fir engraver in white
fir (A. concolor); and

e Central Arizona, and southeastern Arizona
and southwestern New Mexico, both within
M313A-White Mountains-San Francisco
Peaks-Mogollon Rim, and both associated with
an unknown bark beetle in ponderosa pine
(Pinus ponderosa).

Additionally, the national and regional
analyses found a hot spot of moderate mortality
exposure in northwestern Wyoming (M331D-
Overthrust Mountains, M331A-Yellowstone
Highlands, and M331J-Wind River Mountains)
related to spruce beetle and subalpine fir
mortality complex.



In the North East FHM region, mortality was
recorded on approximately 32 000 ha, caused by
18 mortality agents and complexes. The cause of
about a third of this mortality was emerald ash
borer (10 000 ha). None of the ecoregion sections
in the North East was exposed to >1 percent
surveyed forest mortality (fig. 2.2). A hot spot
of moderate mortality density in the national
analysis (fig. 2.3A), and of very high mortality
density in the regional analysis (fig. 2.3B), was
identified in areas adjacent to Long Island Sound
(in 221A-Lower New England), associated with
southern pine beetle in pitch pine (P. rigida)
stands and with oak decline in northern red oak
(Quercus rubra) on Long Island, and with emerald
ash borer in Connecticut.

In the South FHM region, mortality from
nine agents was detected on about 25 000 ha
(table 2.3). The most common causal agent was
southern pine beetle, constituting 42 percent
of the mortality (11 000 ha), followed by Ips
engraver beetles (7000 ha, 30 percent) and
emerald ash borer (5000 ha, 21 percent). No
ecoregion sections in the South were exposed to
>1 percent surveyed forest mortality (fig. 2.2).
The national hot spot analysis identified two
areas of moderately clustered mortality density
in Mississippi (fig. 2.3A), both caused by the
southern pine beetle outbreak in the region
(box 2.1). One was located in the northeastern

part of the State (231H-Coastal Plains-Loess
and 231B-Coastal Plains-Middle), and the other
in south-central Mississippi (23 1B—Coastal
Plains-Middle and 232B-Gulf Coastal Plains and
Flatwoods). In the regional analysis (fig. 2.3B),
the second of these exhibited clustering of very
high mortality density, while the first was of high
mortality density. The regional analysis detected
an additional hot spot of high mortality density,
also associated with southern pine beetle, in

the southwestern corner of Mississippi (231H-
Coastal Plains-Loess). Hot spots of moderate
southern pine beetle mortality density also
appeared in neighboring Alabama and Georgia.

Eastern Kentucky (223F-Interior Low Plateau-
Bluegrass, 221E-Southern Unglaciated Allegheny
Plateau, and 221H-Northern Cumberland
Plateau) was the location of a moderate mortality
exposure hot spot in the regional analysis
(fig. 2.3B). This was caused by emerald ash borer.

Conterminous United States Defoliation 15

In 2017, the national IDS survey identified
50 defoliation agents and complexes affecting
approximately 2.34 million ha across the
conterminous United States (table 2.4), an
area slightly larger than the land area of New
Hampshire. The most widespread defoliation
agent was gypsy moth, which was detected on
approximately 913 000 ha, or 39 percent of the
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Southern pine beetle (SPB, Dendroctonus
frontalis) is the most economically significant
pest in the Southern United States, where

it impacts both southern yellow pine

timber production and forest ecology. The
host species of SPB, especially loblolly

(Pinus taeda), shortleaf (P. echinata), pitch

(P. rigida), and Virginia (P. virginiana) pines,
play significant roles in the functioning

of southern forest ecosystems and/
or are important timber-
producing species.

The periodic cycles of
widespread tree mortality caused
by SPB impact the owners of
timberland as well as individuals
who use these forests for their
aesthetic and recreational values.
Despite increases in the amount
of intensively managed pine in
the South, SPB activity across
the South declined significantly
since the late 1990s due, in
part, to regional improvements
in plantation silviculture, most
notably stand thinning. In recent
years, however, mostly localized

The Southern Pine Beetle story map provides interactive maps and background information on southern pine beetle,

but severe SPB activity has appeared in
some areas, particularly across the national

forests of Mississippi, Alabama, and Georgia.

In these areas, thinning practices have
fallen behind growth rates due to depressed
markets for pine, resulting in a large
concentration of overstocked stands.

A story map (https://arcg.is/rD01j,
pictured below) provides an overview of
SPB and its hosts. This includes interactive
maps of SPB infestations from 1960 to 2017
and of the extent of its pine host species,

Southern Pine Beetle

its hosts, and its management.

background on the life cycle of the insect,
discussion of its recent impacts on national
forests in the South, and information
about the management and monitoring of
SPB outbreaks.

The story map was developed by the
Forest Health Assessment and Applied
Sciences Team of the U.S. Department of
Agriculture, Forest Service, in association
with the Forest Health Monitoring program
and Forest Health Protection.

Southern pine beetle
Southern pine ecosystems
National Impact

Reglonal and Local Impacts

Southenn pine beetle Is a major disturbance agent that continues to be the
maost economically significant forest pest in the southern United States (vew
mibdication). This beetle has impacted regional and local areas within its range
by greatly influencing pine forest ecology and timber production. The periodic
cycles of widespread tree mortaliy caused by SPB impacts the cwmers of
timberland as well as individuals who use these forests for their aesthetic and
recreational values.
By the late 1980s, 15% of the gross annual growth of southem pine was lost to
bark beetle mortality (view publication). and from the early 1980s 1o 2010,
timber producers fost an estimated 543 million per year from SPB-induced
mortality {view pubdcation).
"y
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Table 2.4—Defoliation agents and complexes
affecting more than 5000 ha in the conterminous

United States in 2017

Agents/complexes causing defoliation, 2017  Area

Gypsy moth

Western spruce budworm
Forest tent caterpillar
Unknown gallmaker
Jumping oak gall wasp
Spruce budworm
Baldcypress leafroller
Unknown defoliator
White pine needle damage
Larch casebearer
Browntail moth

Winter moth

Cherry scallop shell moth
Unknown

Pandora moth

Other (35)

Total, all defoliation agents

ha

912678
502398
286 962
183583
147 456
122 257
80752
35691
2741
25891
22194
12760
11972
9187
7974
31271
2344302

Note: All values are “footprint” areas for each agent or
complex. The sum of the individual agents is not equal to the
total for all agents due to the reporting of multiple agents

per polygon.

total. Five other insects were also detected on
>100 000 ha each: western spruce budworm
(Choristoneura freemani) on 502 000 ha,

forest tent caterpillar (Malacosoma disstria)

on 287 000 ha, an unknown gallmaker on

184 000 ha, jumping oak gall wasp (Neuroterus
saltatorius) on 147 000 ha, and spruce budworm
(C. fumiferana) on 122 000 ha (table 2.4).

The North East FHM region had by far the
largest area on which defoliating agents and
complexes were detected in 2017, slightly >1
million ha (table 2.5). Almost 87 percent of
this (869 000 ha) was associated with gypsy
moth (table 2.5). Seventeen other agents and
complexes constituted the remaining defoliated
area. The 221A-Lower New England ecoregion
section had the highest percent of surveyed
forest exposed to defoliation in the country, 17.9
percent (fig. 2.4), mostly as a result of the gypsy
moth infestation, especially in Massachusetts,
Connecticut, and Rhode Island. There was -
also white pine needle damage in southern 37
Maine. Two neighboring ecoregion sections, S
211D-Central Maine Coastal Embayment and
M211C-Green-Taconic-Berkshire Mountains,
had 1.3 percent and 1.1 percent of surveyed
forest exposed to defoliators as a result of,
respectively, white pine needle damage and
browntail moth (Euproctis chrysorrhoea), and
forest tent caterpillar.
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Table 2.5—The top five defoliation agents or complexes for each Forest Health Monitoring region and for

Alaska in 2017

Defoliation agents and complexes, 2017

Interior West

Western spruce budworm
Unknown defoliator
Pandora moth
Marssonina blight
Spruce aphid
Other defoliation agents (15)

Total, all defoliation agents and complexes

North Central

Jumping oak gall wasp
Spruce budworm
Forest tent caterpillar
Gypsy moth
Larch casebearer
Other defoliation agents (7)

Total, all defoliation agents and complexes

North East
Gypsy moth
Foresttent caterpillar
White pine needle damage
Browntail moth
Winter moth
Other defoliation agents (13)

Area

ha

486076
35607
7974
4097
22176
9250
544363

147 456
122 257
96 392
30295
18463
12118
425062

868 644
53663
2741
22194
12760
16793

Total, all defoliation agents and complexes 1000 820

Defoliation agents and complexes, 2017

South

Unknown gallmaker
Forest tent caterpillar
Baldcypress leafroller
Gypsy moth
Unknown
Other defoliation agents (2)

Total, all defoliation agents and complexes

West Coast

Western spruce budworm
Larch casebearer
Needlecast
Unknown
Swiss needle cast
Other defoliation agents (12)

Total, all defoliation agents and complexes

Alaska

Aspen leafminer
Unknown defoliator
Willow leaf blotchminer
Speckled green fruitworm
Birch aphid
Other defoliation agents (6)

Total, all defoliation agents and complexes

Area

ha

183583
136 705
80752
13739
2843
394
345593

16 321
7428
251
570
555
1308

28 464

59713
42 331
29325
14 872
1318
805
146 212

Note: The total area affected by other agents is listed at the end of each section. All values are “footprint” areas for each agent or
complex. The sum of the individual agents is not equal to the total for all agents due to the reporting of multiple agents per polygon.
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Figure 2.4—The percent of surveyed forest exposed to defoliating agents, by ecoregion section within the conterminous 48 States, for 2017. The
gray lines delineate ecoregion sections (Cleland and others 2007). The 240-m tree canopy cover is based on data from a cooperative project
between the Multi-Resolution Land Characteristics Consortium (Coulston and others 2012) and the Forest Service Remote Sensing Applications
Center using the 2011 National Land Cover Database. (Data source: U.S. Department of Agriculture Forest Service, Forest Health Protection)
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Three hot spots of defoliation were detected
in the North East region. One, of extremely
high defoliation density in the national analysis
(fig. 2.5A) and of very high defoliation density in
the regional analysis (fig. 2.5B), was associated
with the gypsy moth infestation in 221 A-Lower
New England. A hot spot of high and moderate
defoliation density in the national analysis, and
of moderate density in the regional analysis,
was associated with white pine needle damage
and browntail moth in 211D-Central Maine
Coastal Embayment and 221 A-Lower New
England. Finally, the national analysis revealed
a hot spot of moderate forest tent caterpillar
defoliation density in northern Vermont
(M211C-Green-Taconic-Berkshire Mountains,
M211B-New England Piedmont, and M211A-
White Mountains).

Surveyors in the Interior West FHM region,
meanwhile, detected defoliation by 20 agents
and complexes on 544 000 ha (table 2.5).

Most commonly found, by far, was western
spruce budworm (486 000 ha, or 89 percent).
Several ecoregion sections in the Interior

West experienced between 1 and 5 percent

of surveyed area defoliation (fig. 2.4), almost
entirely attributed to western spruce budworm:

e M331G-South-Central Highlands
(3.8 percent)

¢ M331F-Southern Parks and Rocky Mountain
Range (3.1 percent)

¢ M331D-Overthrust Mountains (2.4 percent)

e MB332E-Beaverhead Mountains (2.3 percent)

e M332B-Northern Rockies and Bitterroot
Valley (2.1 percent)

e M332D-Belt Mountains (2.1 percent)
e M341C-Utah High Plateau (1.3 percent)

The 2017 Getis-Ord analysis detected hot
spots of defoliation density in many of these
same ecoregion sections, both in the national
(fig. 2.5A) and regional (fig. 2.5B) analyses.

Meanwhile, 12 agents and complexes
were associated with about 425 000 ha with
defoliation in the North Central FHM region
(table 2.5). Jumping oak gall wasp and spruce
budworm were the most commonly detected
defoliation agents, identified on 147 000 ha and
122 000 ha, respectively, representing 35 and
29 percent of the total area of defoliation in
the region. Other widespread defoliators were
forest tent caterpillar (96 000 ha), gypsy moth
(30 000 ha), and larch casebearer (Coleophora
laricella) (18 000 ha).

Several ecoregion sections bordering the
Great Lakes had moderately high exposure
to defoliation agents. The highest percentage
of surveyed forest exposed to defoliators
(5.2 percent) was in 222K-Southwestern Great
Lakes Morainal in Wisconsin and Illinois, where
a high concentration of jumping oak gall wasp
was identified (fig. 2.4). The other ecoregion
sections with >1 percent defoliation of surveyed
forest were:

e 2127-Green Bay-Manitowoc Upland
(5.0 percent): jumping oak gall wasp

e 212R-Eastern Upper Peninsula (4.6 percent):
spruce budworm and forest tent caterpillar
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Figure 2.5—Hot spots of the density of occurrences of
defoliation-causing insects and diseases in 2017 for

(A) the conterminous 48 States and (B) for separate
Forest Health Monitoring regions, by hexagons containing
>5 percent tree canopy cover. Values are Getis-Ord Gi*
scores, with values >2 representing significant clustering
of high defoliation occurrence densities. (No areas of
significant clustering of low densities, <-2, were detected.)
The gray lines delineate ecoregion sections (Cleland and
others 2007), and blue lines delineate Forest Health
Monitoring regions. Tree canopy cover is based on data
from a cooperative project between the Multi-Resolution
Land Characteristics Consortium (Coulston and others
2012) and the Forest Service Remote Sensing Applications
Center using the 2011 National Land Cover Database.
(Data source: U.S. Department of Agriculture Forest
Service, Forest Health Protection)
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e 212S-Northern Upper Peninsula
(3.1 percent): spruce budworm and forest
tent caterpillar

e 212T-Northern Green Bay Lobe (2.4 percent):
spruce budworm, large aspen tortrix, and
larch casebearer

e 212H-Northern Lower Peninsula
(2.1 percent): gypsy moth and forest
tent caterpillar

e 2]12L-Northern Superior Uplands
(1.2 percent): spruce budworm and forest
tent caterpillar

The national (fig. 2.5A) and regional (2.5B)
analyses revealed hot spots of similar extent
within these ecoregion sections bordering
the Great Lakes.

Approximately 346 000 ha of defoliation were
documented in the South FHM region during
2017. Slightly more than half of this (53 percent,
184 000 ha) was attributed to an unknown
gallmaker (table 2.5). Forest tent caterpillar
was associated with an additional 40 percent
(137 000 ha), and baldcypress leafroller (Archips
goyerana) with about 23 percent (81 000 ha).

As a result of an infestation by the unknown
gallmaker, 12.7 percent of the surveyed forest
in the M223A-Boston Mountains ecoregion
section in northwestern Arkansas was exposed
to defoliation (fig. 2.4), and this area was

the location of a hot spot of high defoliation
density nationally (fig. 2.5A) and very high
defoliation density regionally (fig. 2.5B).
Similarly, baldcypress leafroller and forest tent
caterpillar resulted in a regional hot spot of
high defoliation density (fig. 2.5B) in ecoregion

sections of southern Louisiana that also had
high percentages of surveyed forest exposed to
defoliators: 234C—Atchafalaya and Red River
Alluvial Plains (12 percent) and 232E-Louisiana
Coastal Prairie and Marshes (7.9 percent)

(fig. 2.4).

Finally, 17 defoliating agents and complexes
were identified in the FHM West Coast region,
with western spruce budworm accounting
for about 57 percent of the approximately
28 000 ha with defoliation (table 2.5). The only
ecoregion section with at least 1 percent of
surveyed forest exposed to defoliating agents
was M333A-Okanogan Highland (1.0 percent)
of northeastern Washington, where outbreaks of
western spruce budworm and larch casebearer
were detected (fig. 2.4). This ecoregion section
was the site of a hot spot of high defoliation
density nationally (fig.2.5A) and of very high
defoliation density regionally (fig. 2.5B).

Alaska and Hawaii

In Alaska, mortality was recorded on nearly
186 000 ha in 2017, attributed to five agents
and complexes (table 2.3). Spruce beetle was
the most widely detected mortality agent,
representing 88 percent of the total area
with mortality (164 000 ha). Yellow-cedar
(Chamaecyparis nootkatensis) decline was detected
on 19 000 ha, 10 percent of the total. The
ecoregion section with the highest percent
of surveyed forest exposed to mortality (21
percent) was 213B-Cook Inlet Lowlands in the
south-central part of the State (fig. 2.6), where
surveyors detected extensive mortality due to
spruce beetle. The infestation carried over into
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Figure 2.6—Percentage of surveyed forest in Alaska ecoregion sections exposed to mortality-causing insects and diseases in 2017. The gray lines
delineate ecoregion sections (Nowacki and Brock 1995). Background forest cover is derived from MODIS imagery by the Forest Service Remote
Sensing Applications Center. (Data source: U.S. Department of Agriculture Forest Service, Forest Health Protection)
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the neighboring M135C-Alaska Range, where
9.8 percent of surveyed forest was exposed

to mortality, as well as M213A-Northern
Aleutian Range (3.9 percent) and M213B-Kenai
Mountains (2.2 percent). In the panhandle of
Alaska, the percent of surveyed forest exposed
to mortality was 2.0 in M245B-Alexander
Archipelago, location of extensive yellow-

cedar decline.

At the same time, 11 defoliators in Alaska
were detected on 146 000 ha (table 2.5). Of
this area, about 41 percent (60 000 ha) was
attributed to aspen leatminer (Phyllocnistis
populiella). Meanwhile, willow leaf blotchminer
(Micrurapteryx salicifoliella) was recorded on
29 000 ha (20 percent) and speckled green
fruitworm (Orthosia hibisci) on about 15 000 ha
(10 percent). The Alaska ecoregion section
with the highest proportion of surveyed forest
area affected by defoliators in 2017 was 139A—
Yukon Flats (12.7 percent of surveyed forest)
(fig. 2.7), where willow leaf blotchminer and
aspen leafminer were commonly reported in
willow (Salix spp.) and quaking aspen stands.
Aspen leafminer was also commonly detected in
neighboring M139C-Dawson Range (8.1 percent
defoliation in surveyed forest). Several other
ecoregion sections in central Alaska had
defoliation detected on 1 to 5 percent of their
surveyed forest, while surveyors detected
defoliation, caused by unknown defoliators, on
12.2 percent of the surveyed forest in 245A-Gulf
of Alaska Forelands.

In 2017, approximately 30 000 ha with
mortality were recorded in Hawaii (table 2.3),

which are officially labeled as having an
unknown cause but may be associated with
rapid ‘chi‘a death, a wilt disease caused by

the fungal pathogens Ceratocystis lukuohia and

C. huliohia (Barnes and others 2018) that affects
‘ohi‘a lehua (Metrosideros polymorpha), a highly
ecologically and culturally important tree
species in Hawaiian native forests (University of
Hawai‘i 2017). All of this mortality was on the
Big Island, with higher percentages of surveyed
forests affected on the windward (eastern) side
of the island, especially in council districts 2, 5,
and 3 (12.1, 11.4, and 11 percent, respectively)
(fig. 2.8), which encompass much of the Puna
and Hilo areas. Mortality did not exceed 1
percent of surveyed forest on any of the other
islands in the State. No defoliation was recorded
in Hawaii during 2017.

CONCLUSION

Continued monitoring of insect and disease
outbreaks across the United States will be
necessary for determining appropriate follow-
up investigation and management activities.
Due to the limitations of survey efforts to
detect certain important forest insects and
diseases, the pests and pathogens discussed in
this chapter do not include all the biotic forest
health threats that should be considered when
making management decisions and budget
allocations. However, large-scale assessments of
mortality and defoliation exposure, including
geographical hot spot detection analyses, offer a
useful approach for identifying geographic areas
where the concentration of monitoring and
management activities might be most effective.
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Figure 2.7—Percentage of surveyed forest in Alaska ecoregion sections exposed to defoliation-causing insects and diseases in 2017. The gray lines delineate
ecoregion sections (Nowacki and Brock 1995). Background forest cover is derived from MODIS imagery by the Forest Service Remote Sensing Applications
Center. (Data source: U.S. Department of Agriculture Forest Service, Forest Health Protection)
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Figure 2.8—Percentage of surveyed forest on Hawaii islands (and by county council district on the Big Island of Hawai'i) exposed to mortality-
causing insects and diseases in 2017. Background forest cover is derived from the LANDFIRE program (LANDFIRE 2014). (Data source: U.S.

Department of Agriculture Forest Service, Forest Health Protection)
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INTRODUCTION

s a pervasive disturbance agent operating at
many spatial and temporal scales, wildland

fire is a key abiotic factor affecting forest
health both positively and negatively. In some
ecosystems, for example, wildland fires have
been essential for regulating processes that
maintain forest health (Lundquist and others
2011). Wildland fire is an important ecological
mechanism that shapes the distributions of
species, maintains the structure and function of
fire-prone communities, and acts as a significant
evolutionary force (Bond and Keeley 2005).
At the same time, wildland fires have created
forest health (i.e., sustainability) problems in
some ecosystems (Edmonds and others 2011).
Specifically, fire outside the historic range of
frequency and intensity can impose extensive
ecological and socioeconomic impacts. Current
fire regimes on more than half of the forested
area in the conterminous United States have
been moderately or significantly altered
from historical regimes, potentially altering
key ecosystem components such as species
composition, structural stage, stand age, canopy
closure, and fuel loadings (Schmidt and others
2002). As a result of intensive fire suppression
efforts during most of the 20th century, the
forest area burned annually decreased from
approximately 16-20 million ha (40-50 million
acres) in the early 1930s to about 2 million ha

(5 million acres) in the 1970s (Vinton 2004).
Understanding existing fire regimes is essential
for properly assessing the impact of fire on
forest health because changes to historical fire
regimes can alter forest developmental patterns,
including the establishment, growth, and
mortality of trees (Lundquist and others 2011).

Fire regimes have been dramatically altered by
fire suppression (Barbour and others 1999) and
by the introduction of nonnative invasive plants,
which can change fuel properties and in turn
both affect fire behavior and alter fire regime
characteristics such as frequency, intensity,
type, and seasonality (Brooks and others
2004). Fires in some regions and ecosystems
have become larger, more intense, and more
damaging because of the accumulation of fuels
as a result of prolonged fire suppression (Pyne
2010). Such large wildland fires also can have
long-lasting social and economic consequences,
which include the loss of human life and
property, smoke-related human health impacts,
and the economic cost and dangers of fighting
the fires themselves (Gill and others 2013,
Richardson and others 2012). In some regions,
plant communities have experienced or are
undergoing rapid compositional and structural
changes as a result of fire suppression (Nowacki
and Abrams 2008). Additionally, changes in
fire intensity and recurrence could result in
decreased forest resilience and persistence
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(Lundquist and others 2011), and fire regimes
altered by global climate change could cause
large-scale shifts in vegetation spatial patterns
(McKenzie and others 1996). Given the
relationships of fires to forest dynamics, it is
important to monitor and assess spatiotemporal
trends in forest fires across the United States and
its territories.

This chapter presents analyses of daily
satellite-based fire occurrence data that map
and quantify the locations and intensities
of fire occurrences spatially across the
conterminous United States, Alaska, Hawaii,
and the Caribbean territories in 2017. It also
compares 2017 fire occurrences, within a
geographic context, to all the recent years for
which such data are available. Quantifying and
monitoring such large-scale patterns of fire
occurrence across the United States can help
improve our understanding of the ecological
and economic impacts of fire as well as the
appropriate management and prescribed use of
fire. Specifically, large-scale assessments of fire
occurrence can help identify areas where specific
management activities may be needed, or where
research into the ecological and socioeconomic
impacts of fires may be required.

METHODS
Data

Annual monitoring and reporting of active
wildland fire events using the Moderate
Resolution Imaging Spectroradiometer (MODIS)

Active Fire Detections for the United States
database (USDA Forest Service 2018) allow
analysts to spatially display and summarize fire
occurrences across broad geographic regions
(Coulston and others 2005; Potter 2012a, 2012b,
2013a, 2013b, 2014, 2015a, 2015b, 2016, 2017,
2018). A fire occurrence is defined as one daily
satellite detection of wildland fire in a 1-km
pixel, with multiple fire occurrences possible

on a pixel across multiple days resulting from a
single wildland fire that lasts more than a single
day. The data are derived using the MODIS
Rapid Response System (Justice and others
2002, 2011) to extract fire location and intensity
information from the thermal infrared bands

of imagery collected daily by two satellites at a
resolution of 1 km, with the center of a pixel
recorded as a fire occurrence (USDA Forest
Service 2018). The Terra and Aqua satellites’
MODIS sensors identify the presence of a fire

at the time of image collection, with Terra
observations collected in the morning and Aqua
observations collected in the afternoon. The
resulting fire occurrence data represent only
whether a fire was active because the MODIS
data bands may not differentiate between a

hot fire in a relatively small area (0.01 km?,

for example) and a cooler fire over a larger

area (1 km?, for example) if the foreground

to background temperature contrast is not
sufficiently high. The MODIS Active Fire
database does well at capturing large fires during
cloud-free conditions but may underrepresent
rapidly burning, small, and low-intensity fires,



as well as fires in areas with frequent cloud
cover (Hawbaker and others 2008). For large-
scale assessments, the dataset represents a good
alternative to the use of information on ignition
points, which may be preferable but can be
difficult to obtain or may not exist (Tonini and
others 2009). For more information about the
performance of this product, see Justice and
others (2011).

It is important to underscore that estimates of
burned area and calculations of MODIS-detected
fire occurrences are two different metrics for
quantifying fire activity within a given year.
Most importantly, the MODIS data contain
both spatial and temporal components because
persistent fire will be detected repeatedly over
several days on a given 1-km pixel. In other
words, a location can be counted as having a
fire occurrence multiple times, once for each
day a fire is detected at the location. Analyses
of the MODIS-detected fire occurrences,
therefore, measure the total number of daily
1-km pixels with fire during a year, as opposed
to quantifying only the area on which fire
occurred at some point during the course of the
year. A fire detected on a single pixel on every
day of the year would be equivalent to 365
fire occurrences.

It is worth noting that the Terra and Aqua
satellites, which carry the MODIS sensors,
were launched in 1999 and 2002, respectively,

and will eventually be decommissioned. An
alternative fire occurrence data source is the
Visible Infrared Imaging Radiometer Suite
(VIIRS) sensor on board the Suomi National
Polar-orbiting Partnership (Suomi NPP) weather
satellite. The transition to this new data source
will require a comparison of fire occurrence
detections between it and MODIS.

Analyses

These MODIS products for 2017, and for the
16 preceding full years of data, were processed
in ArcMap® (ESRI 2015) to determine the
number of fire occurrences per 100 km?
(10 000 ha) of forested area for each ecoregion
section in the conterminous United States
(Cleland and others 2007) and Alaska (Nowacki
and Brock 1995), and for each of the major
islands of Hawaii and of the Caribbean territories
of Puerto Rico and the U.S. Virgin Islands.
This forest fire occurrence density measure
for the conterminous 48 States and Alaska
was calculated after screening out wildland 83
fires on nonforested pixels using a forest cover
layer derived from MODIS imagery by the
U.S. Department of Agriculture Forest Service,
Remote Sensing Applications Center (RSAC)
(USDA Forest Service 2008). The same process
was repeated for the Hawaiian islands using
30-m vegetation type data from the LANDFIRE
program (LANDFIRE 2014), resampled to 1 km,
and for Puerto Rico and the U.S. Virgin Islands
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using 30-m landcover data (also resampled to

1 km) from the Forest Service International
Institute of Tropical Forestry (IITF) that were
derived from a cloud-free Landsat image

mosaic developed in cooperation with RSAC
(Kennaway and Helmer 2007, Kennaway and
others 2008). The total numbers of forest fire
occurrences were also determined separately for
the conterminous States, Alaska, Hawaii, and
the Caribbean territories.

The fire occurrence density value for each of
the ecoregion sections and the Hawaiian and
Caribbean islands in 2017 was then compared
with the mean fire density values for the first 16
full years of MODIS Active Fire data collection
(2001-2016). Specifically, the difference of the
2017 value and the previous 16-year mean
for an ecoregion was divided by the standard
deviation across the previous 16-year period,
assuming a normal distribution of fire density
over time in the ecoregion. The result for each
ecoregion was a standardized z-score, which
is a dimensionless quantity describing the
degree to which the fire occurrence density in
the ecoregion in 2017 was higher, lower, or
the same relative to all the previous years for
which data have been collected, accounting
for the variability in the previous years. The
z-score is the number of standard deviations
between the observation and the mean of the
historic observations in the previous years.

Approximately 68 percent of observations would
be expected within one standard deviation of
the mean, and 95 percent within two standard
deviations. Near-normal conditions are classified
as those within a single standard deviation of the
mean, although such a threshold is somewhat
arbitrary. Conditions between about one

and two standard deviations of the mean are
moderately different from mean conditions, but
are not significantly different statistically. Those
outside about two standard deviations would be
considered statistically greater than or less than
the long-term mean (at p <0.025 at each tail of
the distribution).

Additionally, we used the Spatial Association
of Scalable Hexagons (SASH) analytical
approach to identify forested areas in the
conterminous United States with higher-
than-expected fire occurrence density in
2017. This method identifies locations where
ecological phenomena occur at greater or lower
occurrences than expected by random chance
and is based on a sampling frame optimized for
spatial neighborhood analysis, adjustable to the
appropriate spatial resolution, and applicable to
multiple data types (Potter and others 2016).
Specifically, it consists of dividing an analysis
area into scalable equal-area hexagonal cells
within which data are aggregated, followed by
identifying statistically significant geographic
clusters of hexagonal cells within which mean



values are greater or less than those expected by
chance. To identify these clusters, we employed
a Getis-Ord G;* hot spot analysis (Getis and Ord
1992) in ArcMap® 10.3 (ESRI 2015).

The spatial units of analysis were 9,810
hexagonal cells, each approximately 834
km? in area, generated in a lattice across the
conterminous United States using intensification
of the Environmental Monitoring and
Assessment Program (EMAP) North American
hexagon coordinates (White and others 1992).
These coordinates are the foundation of a
sampling frame in which a hexagonal lattice
was projected onto the conterminous United
States by centering a large base hexagon over
the region (Reams and others 2005, White
and others 1992). This base hexagon can
be subdivided into many smaller hexagons,
depending on sampling needs, and serves as the
basis of the plot sampling frame for the Forest
Inventory and Analysis (FIA) program (Reams
and others 2005). Importantly, the hexagons
maintain equal areas across the study region
regardless of the degree of intensification of
the EMAP hexagon coordinates. In addition,
the hexagons are compact and uniform in
their distance to the centroids of neighboring
hexagons, meaning that a hexagonal lattice
has a higher degree of isotropy (uniformity in
all directions) than does a square grid (Shima
and others 2010). These are convenient and
highly useful attributes for spatial neighborhood

analyses. These scalable hexagons also are
independent of geopolitical and ecological
boundaries, avoiding the possibility of different
sample units (such as counties, States, or
watersheds) encompassing vastly different areas
(Potter and others 2016). We selected hexagons
834 km? in area because this is a manageable
size for making monitoring and management
decisions in analyses across the conterminous
United States (Potter and others 2016).

Fire occurrence density values for each
hexagon were quantified as the number of forest
fire occurrences per 100 km? of forested area
within the hexagon. The Getis-Ord G* statistic
was used to identify clusters of hexagonal cells
with fire occurrence density values higher than
expected by chance. This statistic allows for the
decomposition of a global measure of spatial
association into its contributing factors, by
location, and is therefore particularly suitable
for detecting outlier assemblages of similar
conditions in a dataset, such as when spatial hh
clustering is concentrated in one subregion of S
the data (Anselin 1992).

Briefly, Gl.* sums the differences between the
mean values in a local sample, determined in
this case by a moving window of each hexagon
and its 18 first- and second-order neighbors
(the 6 adjacent hexagons and the 12 additional
hexagons contiguous to those 6) and the global
mean of the 7,595 forested hexagonal cells (of
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the total 9,810) in the conterminous United
States. As described in Laffan (2006), it is
calculated as

where

Gi* = the local clustering statistic (in this case,
for the target hexagon)

i = the center of local neighborhood (the
target hexagon)

d = the width of local sample window (the
target hexagon and its first- and second-order
neighbors)

xj = the value of neighbor j

wij = the weight of neighbor j from location i
(all the neighboring hexagons in the moving
window were given an equal weight of 1)

n = number of samples in the dataset (the
7,595 forested hexagons)

Wi = the sum of the weights

s1; = the number of samples within d of the
central location (19: the focal hexagon and its
18 first- and second-order neighbors)

x* = the mean of whole dataset (in this case,
for all 7,595 forested hexagons)

s* = the standard deviation of whole dataset
(for all 7,595 forested hexagons)

G;* is standardized as a z-score with a mean
of 0 and a standard deviation of 1, with values
>1.96 representing significant local clustering of
higher fire occurrence densities (p <0.025) and
values <-1.96 representing significant clustering
of lower fire occurrence densities (p <0.025),
because 95 percent of the observations under
a normal distribution should be within
approximately two standard deviations of
the mean (Laffan 2006). Values between
-1.96 and 1.96 have no statistically significant
concentration of high or low values; a hexagon
and its 18 neighbors, in other words, have a
normal range of both high and low numbers of
fire occurrences per 100 km? of forested area.
It is worth noting that the threshold values
are not exact because the correlation of spatial
data violates the assumption of independence
required for statistical significance (Laffan
2006). In addition, the Getis-Ord approach does
not require that the input data be normally
distributed, because the local Gi* values are
computed under a randomization assumption,
with G;* equating to a standardized z-score that
asymptotically tends to a normal distribution
(Anselin 1992). The z-scores are considered to
be reliable, even with skewed data, as long as
the local neighborhood encompasses several
observations (ESRI 2015), in this case, via the
target hexagon and its 18 first- and second-
order neighbors.



RESULTS AND DISCUSSION

Trends in Forest Fire Occurrence
Detections for 2017

The MODIS Active Fire database recorded
92,864 forest fire occurrences across the
conterminous United States in 2017, the
fifth most in 17 full years of data collection
and the most since 2014 (fig. 3.1). This was
approximately 95 percent more than in 2016
(47,744 total forest fire occurrences), and
about 43 percent higher than the annual mean
of 64,913 forest fire occurrences across the
previous 16 years of data collection. In Alaska,
meanwhile, the MODIS database captured 2,043
forest fire occurrences in 2017, about 7 percent
less than the preceding year (2,196) and about
82 percent less than the previous 16-year annual

mean of 11,317. Meanwhile, Hawaii had 118
fire occurrences in 2017, a decrease of about

90 percent from the previous year (1,210)

and 72 percent below the average of 426 fire
occurrences over the previous 16 years. Finally,
10 forest fire occurrences were detected in
Puerto Rico, 27 percent fewer than the previous
average of 13.7 per year.

The increase in the total number of fire
occurrences across the United States is generally
consistent with the official wildland fire statistics
(National Interagency Coordination Center
2018).In 2017, 71,499 wildland fires were
reported across the United States, an increase
from 67,743 in 2016. At the same time, the
area burned nationally (4 057 413 ha) was
153 percent above the 10-year annual average
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Figure 3.1—Forest fire occurrences detected by MODIS from 2001 to 2017 for the
conterminous United States, Alaska, and Hawaii, and for the entire Nation combined.
(Data source: U.S. Department of Agriculture Forest Service, Remote Sensing
Applications Center, in conjunction with the NASA MODIS Rapid Response group)
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and 73 percent greater than the area burned

in 2016 (2 339 815 ha) (National Interagency
Coordination Center 2017, 2018). Also in 2017,
44 wildland fires and fire complexes exceeded
16 187 ha, compared to 19 in 2016 and 52 in
2015 (National Interagency Coordination Center
2017, 2018). As noted in the Methods section,
estimates of burned area are different metrics
for quantifying fire activity than calculations of
MODIS-detected fire occurrences, though the
two may be correlated.

Areas with the highest fire occurrence
densities were in the Pacific Northwest region
and in California (fig. 3.2). Precipitation was
above normal in these areas early in 2017,
promoting significant growth of fine fuels;

July and August were then very dry in many
areas, except in central and southern parts of
California, which dried considerably later in the
year with the lack of autumn rain combined
with strong winds (National Interagency
Coordination Center 2018). The ecoregion
section with the highest fire occurrence density
by far was M332B-Northern Rockies and
Bitterroot Valley in western Montana, with 41.8
fire occurrences/100 km? of forest (table 3.1).
This was the location of the Rice Ridge Fire, a
lightning-ignited fire that burned 64 825 ha
between July 24 and October 17 and cost
approximately $49.3 million in damages and
containment (National Interagency Coordination
Center 2018). Fire occurrence densities were
also very high in M261A-Klamath Mountains
in northwestern California and southwestern
Oregon (27.9 fire occurrences/100 km? of

forest), location of the Chetco Bar Fire, which
scorched 77 346 ha from its lightning ignition on
July 12 until October 26 and cost approximately
$72 million to contain (National Interagency
Coordination Center 2018). Two other ecoregion
sections experienced >20 fires/100 km? of forest:
M333C-Northern Rockies (22.0) and 261B-
Southern California Coast (20.7) (table 3.1).

The latter of these was the site of the 109
265-ha Thomas Fire, which burned in Ventura
and Santa Barbara Counties from December

4 through the end of the year and cost at

least $123.8 million (National Interagency
Coordination Center 2018). This was the largest
wildfire in recorded California history (CAL
FIRE 2018).

Fire occurrence densities were also
comparatively quite high (12.1-24 fire
occurrences/100 km? of forest) throughout
the Cascade Range of Washington and Oregon
(M242D-Northern Cascades and M242B—
Western Cascades) and in parts of the northern
Rockies in central and northern Idaho and
western Montana (M332A-Idaho Batholith and
M333D-Bitterroot Mountains) (fig. 3.2).

Other ecoregion sections in the Southeast and
scattered throughout the West had moderately
high fire occurrence densities (6.1-12 fire
occurrences/100 km? of forest) (fig. 3.2). In the
Southeast, this included an area from southern
Mississippi along the Gulf Coast (232B-Gulf
Coastal Plains and Flatwoods) and northeast
through Georgia and South Carolina into North
Carolina (232J-Southern Atlantic Coastal
Plains and Flatwoods). Fire occurrence densities
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Figure 3.2—The number of forest fire occurrences, per 100 km? (10 000 ha) of forested area, by ecoregion section within the conterminous 48 States, for
2017. The gray lines delineate ecoregion sections (Cleland and others 2007). Forest cover is derived from MODIS imagery by the Forest Service Remote
Sensing Applications Center. (Source of fire data: U.S. Department of Agriculture Forest Service, Remote Sensing Applications Center, in conjunction with

the NASA MODIS Rapid Response group)
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Table 3.1—The 15 ecoregion sections in the conterminous United States with the

highest fire occurrence densities in 2017

Forest Fire
Section Name area  occurrences Density
km?
M332B  Northern Rockies and Bitterroot Valley 158.8 6,643 4.8
M261A  Klamath Mountains 343.1 9,566 219
M333C  Northern Rockies 172.7 3,807 22.0
261B Southern California Coast 40.7 843 20.7
M332A  Idaho Batholith 361.0 7,007 19.4
M242D  Northern Cascades 230.7 3,374 14.6
M242B  Western Cascades 417.7 6,041 14.5
M333D  Bitterroot Mountains 222.9 2,850 12.8
M333B  Flathead Valley 160.6 1,575 9.8
263A Northern California Coast 123.2 1,184 9.6
322C Colorado Desert 0.4 4 9.1
M261F  Sierra Nevada Foothills 71.2 626 8.8
M261E  Sierra Nevada 438.1 3,708 8.5
232J Southern Atlantic Coastal Plains and Flatwoods 439.5 3,551 8.1
232B Gulf Coastal Plains and Flatwoods 732.3 5,664 1.1

were also moderately high in two neighboring
ecoregion sections in Arkansas and Oklahoma:
231G-Arkansas Valley and 255A—Cross Timbers
and Prairie.

Additionally, moderately high fire occurrence
densities were recorded in several Western
ecoregion sections, all with 6.1-12 fire
occurrences/100 km? of forest: 321 A-Basin and
Range, in southeastern Arizona, southern New
Mexico, and far western Texas; M261E-Sierra
Nevada and M261F-Sierra Nevada Foothills,
in California; 263A—Northern California

Coast and M261B-Northern California Coast
Ranges; and M333B-Flathead Valley, in
northwestern Montana.

Meanwhile, Alaska experienced above-
average temperatures, but periodic precipitation
events minimized the fire impacts of the heat
(National Interagency Coordination Center
2018). Fire occurrence densities were low
across the State (fig. 3.3), with the exception
of M139B-0Olgivie Mountains in eastern Alaska
(3.6 fires occurrences/100 km? of forest). This
was where the 37 846-ha Campbell River Fire
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burned from late June into early October,
extending well into the neighboring Yukon
Territory of Canada.

In Hawaii, lava flows from the 35-year-long
eruption of Pu‘u ‘O‘6, a vent on the flank of the
Kilauea volcano on the Big Island, continued
to be the cause of most forest fire occurrences.
Fire occurrence density on the Big Island was
2.9/100 km? of forest in 2017 (fig. 3.4), one-
tenth of the 29.6 fire occurrences/100 km? of
forest recorded in 2016 (Potter 2018). All the
other islands in the archipelago experienced <1
fire occurrence/100 km? of forest.

Finally, all of the islands constituting the U.S.
Caribbean territories had <1 fire occurrence/100
km? of forest in 2017 (fig. 3.5).

Comparison to Longer Term Trends

The nature of the MODIS Active Fire data
makes it possible to contrast, for each ecoregion
section and Hawaiian and Caribbean island,
short-term (1-year) forest fire occurrence
densities with longer term trends encompassing
the first 16 full years of data collection (2001-
2016). In general, the ecoregion sections with
the highest annual fire occurrence means are
located in the northern Rocky Mountains, the
Southwest, California, Oklahoma, and the Gulf
Coastal Plain, while most ecoregion sections

within the Northeastern, Midwestern, Middle
Atlantic, and Appalachian regions experienced
<1 fire occurrence/100 km? of forest annually
during the multiyear period (fig. 3.6A). The
forested ecoregion section that experienced the
most fire occurrences each year on average was
M332A-Idaho Batholith in central Idaho (mean
annual fire occurrence density of 13.0) (table
3.2), which also had a high fire occurrence
density in 2017. Other ecoregion sections with
high mean fire occurrence densities (6.1-12.0
fire occurrences/100 km? of forest) were located
along the Gulf Coast in the Southeast; in coastal,
northern, and central areas of California;

in central Arizona and New Mexico; in the
northern Rocky Mountains; and in central
Oklahoma (table 3.2). The ecoregion section
with the greatest variation in fire occurrence
densities from 2001 to 2016 was M332A-Idaho
Batholith, with more moderate variation in
California, northern Washington, southern

and northeastern Oregon, western Montana,
central Arizona and west-central New Mexico,
and eastern North Carolina (fig. 3.6B). Less
variation occurred throughout the central and
northern Rocky Mountain States, the Southeast,
and central Oregon and Washington. The lowest
levels of variation occurred throughout most of
the Midwest and Northeast.
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Table 3.2—The 14 ecoregion sections in the conterminous United States with the
highest annual mean fire occurrence densities from 2001 through 2016

Mean annual

Forest fire occurrence
Section Name area density

km?
332F South Central and Red Bed Plains 1.5 18.4
M332A Idaho Batholith 361.0 13.0
331G Powder River Basin 6.2 10.3
261A Central California Coast 58.3 9.7
M262B Southern California Mountain and Valley 155.3 8.6
251F Flint Hills 0.8 1.8
322C Colorado Desert 0.4 1.8
M261E Sierra Nevada 438.1 1.6
M261A Klamath Mountains 343.1 6.9
331A Palouse Prairie 28.3 6.6
255A Cross Timbers and Prairie 79.0 6.4
232B Gulf Coastal Plains and Flatwoods 732.3 6.3
M313A White Mountains-San Francisco Peaks-Mogollon Rim 386.7 6.1
M332F Challis Volcanics 90.0 6.1

As determined by the calculation of
standardized fire occurrence z-scores, ecoregion
sections in southern, central, and northern
California; the Cascade Mountains of Oregon
and Washington; and northern Idaho and
northwestern Montana experienced significantly
greater fire occurrence densities than normal
in 2017, compared to the previous 16-year
mean and accounting for variability over time
(fig. 3.6C). The ecoregion section with the
highest fire occurrence density in 2017 (M332B-
Northern Rockies and Bitterroot Valley, fig. 3.2)
also had a high z-score. Additionally, some

ecoregion sections had moderately or slightly
higher fire occurrence density than expected as
shown by their z-scores (fig. 3.6C), including
232H-Middle Atlantic Coastal Plains and
Flatwoods in eastern North Carolina, Virginia,
and the Delmarva Peninsula; M223A-Boston
Mountains and 231G-Arkansas Valley in
northern Arkansas and eastern Oklahoma; 212S-
Northern Upper Peninsula in Michigan; M211B-
New England Piedmont in Vermont and New
Hampshire; and M331H-North-Central Highlands
and Rocky Mountains in central Colorado.



A handful of ecoregion sections across the
country had lower fire occurrence densities in
2017 compared to the longer term as indicated
by their z-scores: M331A-Yellowstone Highlands
in northwestern Wyoming, southwestern
Montana, and northeastern Idaho; 234E—
Arkansas Alluvial Plains in southeastern
Arkansas; 211E-St. Lawrence and Champlain
Valley in northern New York and Vermont;
and 211C-Fundy Coastal and Interior in
southeastern Maine. All had very low fire
occurrence densities in 2017, and low or
relatively low annual mean fire occurrence
density and variation from 2001-2016.

In Alaska, meanwhile, moderate mean fire
occurrence density existed in the east-central
and central parts of the State centered on
the 139A-Yukon Flats ecoregion section and
including M139A-Ray Mountains, M139B-
Olgivie Mountains, and M139C-Dawson Range
(fig. 3.7A). These same areas experienced the
greatest degree of variability over the 16-year
period preceding 2017 (fig. 3.7B). In 2017,
only one ecoregion section, M213B-Kenai
Mountains, was outside the range of near-
normal fire occurrence density (z-score >2),
having many more fire occurrences compared
to the mean of the previous 16 years and
accounting for variability (fig. 3.7C).

In Hawaii, both mean annual fire occurrence
density (fig. 3.8A) and variability (fig. 3.8B)
were highest on the Big Island during the

2001-2016 period. The annual mean was <1
fire occurrence/100 km? of forest for all islands
except the Big Island (12.7) and Kaho‘olawe
(1.7). The annual fire occurrence standard
deviation exceeded 1 for only the Big Island
(17.7), Kaho‘olawe (5.1), and Lana‘i (1.2).

No Hawaiian island in 2017 was outside the
range of near-normal fire occurrence density,
controlling for variability over the previous 16
years (z-score between -1 and 1) (fig. 3.7C).

All the islands of the Caribbean territories
had annual fire occurrence means and standard
deviations <1 (figs. 3.9A and 3.9B). Additionally,
each of the islands was within the range of near-
normal fire occurrence density (z-score between
-1 and 1) (fig. 3.9C).

Geographical Hot Spots of Fire
Occurrence Density

Although summarizing fire occurrence data
at the ecoregion section scale allows for the
quantification of fire occurrence density across 67
the country, a geographical hot spot analysis S
can offer insights into where, statistically,
fire occurrences are more concentrated than
expected by chance. In 2017, the SASH method
detected three geographical hot spots of very
high fire occurrence density (G;* >12 and <24)

(fig. 3.10). These corresponded with areas of
high fire occurrence density (fig. 3.2), including
M332B-Northern Rockies and Bitterroot Valley
and M261A-Klamath Mountains (see above), as
well as M332A-Idaho Batholith.
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Meanwhile, four hot spots of high fire
occurrence density (G;* >6 and <12) were
identified in the West, along with one in the East
(fig. 3.10). One of these was in coastal California
north of San Francisco Bay (in 263A-Northern
California Coast, M261B-Northern California
Coast Ranges, and M261C-Northern California
Interior Coast Ranges), where several wildfires
in October burned >99 000 ha, killing 44 and
destroying 8,900 structures. It was the costliest
wildfire complex in U.S. history, resulting in
$9 billion in insurance claims (Cooper 2017).

The SASH analysis also detected a geographic
hot spot (G;*) of high fire occurrence density in
north-central Washington (M242D-Northern
Cascades). This is where the Diamond Creek
Fire scorched 51 910 ha between July 23 and
October 5, costing $14.8 million in damages
and containment. Other hot spots of similar
intensity were located in southern Oregon
(M242B-Western Cascades and M242C-Eastern
Cascades), southeastern Arizona (321A-Basin
and Range), and southwestern Georgia (232B-
Gulf Coastal Plains and Flatwoods).

Hot spots of moderate fire density in 2017
(G;* >2 and <6) were scattered elsewhere
near the West Coast and in the Southeastern
United States (fig. 3.10), including in the
following regions:

e Southern California (261B-Southern
California Coast, M262B-Southern
California Mountain and Valley, and M261E-
Sierra Nevada)

¢ Central California (two in M261E-Sierra
Nevada and one in M262A-Central California
Coast Ranges)

¢ Central Nevada (M341D-West Great Basin
and Mountains)

¢ Central Washington (M242D-Northern
Cascades, M242B-Western Cascades, and
M242C-Eastern Cascades)

¢ Eastern Oklahoma (255A—Cross Timbers and
Prairie, 231G-Arkansas Valley, and M231A-
Ouachita Mountains)

¢ Southeastern Texas (232F-Coastal Plains and
Flatwoods-Western Gulf and 232E-Louisiana
Coastal Prairie and Marshes)

¢ Southern Florida (232D-Florida Coastal
Lowlands-Gulf and 232G-Florida Coastal
Lowlands-Gulf)

¢ Coastal Plain of South Carolina (232C-
Atlantic Coastal Flatwoods)

CONCLUSIONS AND FUTURE WORK

In 2017, the number of MODIS satellite-
detected forest fire occurrences recorded for the
conterminous States was the fifth most in 17 full
years of data collection and the most since 2014.
Ecoregion sections in the Pacific Northwest, the
northern Rocky Mountains, and California had
the highest forest fire occurrence density per
100 km? of forested area. Geographic hot spots
of high fire occurrence density were detected
in these same areas, as well as in the Southeast
and southern Arizona. Ecoregion sections in
southern, central, and northern California; the
Cascade Mountains of Oregon and Washington;
and northern Idaho and northwestern Montana



experienced greater fire occurrence density
than normal compared to the previous 16-year
mean and accounting for variability over time.
Alaska experienced low fire occurrence densities
except in one northeastern ecoregion section.
The Big Island of Hawai‘i experienced a lower
fire occurrence density than in recent years as a
result of an ongoing volcanic eruption.

The results of these geographic analyses
are intended to offer insights into where fire
occurrences have been concentrated spatially in
a given year and compared to previous years,
but are not intended to quantify the severity of
a given fire season. Given the limits of MODIS
active fire detection using 1-km resolution data,
these products also may underrepresent the
number of fire occurrences in some ecosystems
where small and low-intensity fires are
common, and where high cloud frequency can
interfere with fire detection. These products can
also have commission errors. However, these
high temporal fidelity products currently offer
the best means for daily monitoring of forest
fire occurrences.

Future work related to understanding
geographic patterns of forest fire occurrences in
the United States could include a comparison
of the MODIS detections with those of the
VIIRS sensor, an analysis of fire occurrence
detections by forest cover types, an evaluation
of whether the fire occurrences correspond with
mapped burned areas, and an assessment of
the relationships between fire occurrence and
drought conditions.

Ecological and forest health impacts
relating to fire and other abiotic disturbances
are scale-dependent properties, which in
turn are affected by management objectives
(Lundquist and others 2011). Information
about the concentration of fire occurrences
may help pinpoint areas of concern for aiding
management activities and for investigations
into the ecological and socioeconomic impacts
of forest fire potentially outside the range of
historic frequency.
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INTRODUCTION

Ithough droughts affect most U.S. forests,
Athere is considerable variation between

regions in terms of drought frequency and
intensity (Hanson and Weltzin 2000). These
differences characterize the regions’ prevailing
drought regimes. Most forests in the Western
United States are subject to annual seasonal
droughts. In contrast, forests in the Eastern
United States usually experience one of two
general drought patterns: random (i.e., occurring
at any time of year) occasional droughts, as
observed in the Appalachian Mountains and the
Northeast, or frequent late-summer droughts,
as usually observed in the Southeastern Coastal
Plain and the eastern portion of the Great Plains
(Hanson and Weltzin 2000).

In forests, moisture scarcity during droughts
can result in significant tree stress, particularly
when that scarcity is accompanied by high
temperatures (L.D.L. Anderegg and others
2013, Peters and others 2015, Williams and
others 2013). Trees and other plants respond to
this stress by decreasing fundamental growth
processes (e.g., cell division and enlargement).
Because photosynthesis is less sensitive than
these fundamental processes, it decreases slowly
at low levels of drought stress, but decreases
more quickly as drought stress increases in
severity (Kareiva and others 1993, Mattson
and Haack 1987). Besides these direct effects,
drought stress often makes trees vulnerable to
attack by damaging insects and diseases (Clinton
and others 1993, Kolb and others 2016, Mattson
and Haack 1987, Raffa and others 2008).

Droughts also exacerbate wildland fire risk

by limiting breakdown of organic matter and
reducing the moisture content of downed woody
debris and other potential fire fuels (Clark 1989,
Keetch and Byram 1968, Schoennagel and
others 2004, Trouet and others 2010).

Generally, forest systems are resistant to
short-term droughts, although individual
tree species differ in their ability to tolerate
drought conditions (Archaux and Wolters
2006, Berdanier and Clark 2016). Because of
this resistance, drought duration may be more
important for forests than intensity (Archaux
and Wolters 2006). For example, forests that
experience multiple consecutive years of
drought (2-5 years) are much more likely to
exhibit high tree mortality than forests that
experience a single year of extreme drought
(Guarin and Taylor 2005, Millar and others
2007). Therefore, a thorough evaluation of
drought impact in forests should include
analysis of moisture conditions over multiyear
time windows.

In the 2010 Forest Health Monitoring (FHM)
National Technical Report, we described a
method for mapping drought conditions across
the conterminous United States (Koch and
others 2013b). Our objective was to generate
fine-scale, drought-related spatial datasets that
improve upon similar products available from
sources such as the National Climatic Data
Center (e.g., Vose and others 2014) or the U.S.
Drought Monitor program (Svoboda and others
2002). The principal inputs are gridded climate
data (i.e., monthly raster maps of precipitation
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and temperature over a 100-year period) created
with the Parameter-elevation Regression on
Independent Slopes (PRISM) climate mapping
system (Daly and others 2002). The method
utilizes a standardized indexing approach that
facilitates comparison of a given location’s
moisture status during different time windows,
regardless of their length. The index is easier

to calculate than the commonly used Palmer
Drought Severity Index, or PDSI (Palmer 1965),
and avoids some criticisms of the PDSI (see Alley
1984) regarding its underlying assumptions

and limited comparability across space and
time. Here, we applied the method outlined

in the 2010 FHM Report to the most currently
available climate data (i.e., the monthly PRISM
data through 2017), thereby providing the
ninth installment in an ongoing series of annual
drought assessments for the conterminous
United States from 2009 forward (Koch and
Coulston 2015, 2016, 2017, 2018; Koch and
others 2013a, 2013b, 2014, 2015).

This is the fourth year in which we also
mapped levels of moisture surplus across the
conterminous United States during multiple
time windows. While recent refereed literature
(e.g., Adams and others 2009, Allen and others
2010, Martinez-Vilalta and others 2012, Peng
and others 2011, Williams and others 2013) has
focused more often on reports of regional-scale
forest decline and mortality due to persistent
drought conditions, especially in combination
with periods of extremely high temperatures
(i.e., heat waves), surplus moisture availability
can also be detrimental to forests. Abnormally

high moisture can be a short-term stressor (e.g.,
an extreme rainfall event with subsequent
flooding) or a long-term stressor (e.g., persistent
wetness driven by a macroscale climatic pattern
such as the El Nino-Southern Oscillation), either
of which may lead to tree dieback and mortality
(Rozas and Garcifa-Gonzalez 2012, Rozas and
Sampedro 2013). Such impacts have been
observed in both tropical and temperate forests
(Hubbart and others 2016, Laurance and others
2009, Rozas and Garcia-Gonzalez 2012). While
surplus-induced impacts in forests may not be

as common as drought-induced impacts, a single
index that depicts both moisture surplus and
deficit conditions provides a fuller accounting of
potential forest health issues.

METHODS

We acquired grids for monthly precipitation
and monthly mean temperature for the
conterminous United States from the PRISM
Climate Group Web site (PRISM Climate Group
2018). At the time of these analyses, gridded
datasets were available for all years from 1895
to 2017. However, the grids for December 2017
were only provisional versions (i.e., finalized
grids had not yet been released). For analytical
purposes, we treated these provisional grids
as if they were the final versions. The spatial
resolution of the grids was approximately 4 km
(cell area = 16 km?). For future applications
and to ensure better compatibility with other
spatial datasets, all output grids were resampled
to a spatial resolution of approximately 2 km
(cell area = 4 km?) using a nearest neighbor



approach. The nearest neighbor approach is a
computationally simple resampling method that
avoids the smoothing of data values observed
with methods such as bilinear interpolation or
cubic convolution.

Potential Evapotranspiration (PET) Maps

As in our previous drought mapping efforts
(Koch and Coulston 2015, 2016, 2017, 2018;
Koch and others 2012a, 2012b, 2013a, 2013b,
2014, 2015), we adopted an approach in which
a moisture index value is calculated for each
location of interest (i.e., each grid cell in a map
of the conterminous United States) during a
given time period. Moisture indices are intended
to reflect the amount of available water in
a location (e.g., to support plant growth).

In our case, the index is computed using an
approach that considers both the amount of
precipitation that falls on a location during

the period of interest as well as the level of
potential evapotranspiration during this period.
Potential evapotranspiration measures the

loss of soil moisture through plant uptake and
transpiration (Akin 1991). It does not measure
actual moisture loss, but rather the loss that
would occur if there was no possible shortage
of moisture for plants to transpire (Akin 1991,
Thornthwaite 1948). In simple terms, potential
evapotranspiration serves as a measure of
moisture demand. By including potential
evapotranspiration along with precipitation, our
index thus documents the long-term balance
between moisture demand and supply for each
location of interest.

To complement the available PRISM monthly
precipitation grids, we computed corresponding
monthly potential evapotranspiration (PET)
grids using Thornthwaite’s formula (Akin 1991,
Thornthwaite 1948):

T a
PET, =1.6L,,(10-2) (1)

where

PET, = the potential evapotranspiration for a
given month » in cm

L, = a correction factor for the mean possible
duration of sunlight during month m for

all locations (i.e., grid cells) at a particular
latitude / [see Table V in Thornthwaite (1948)
for a list of L correction factors by month

and latitude]

T, = the mean temperature for month m in
degrees C

I = an annual heat index, calculated as

12 T 1.514
=2(5)

m=1

where

T, is the mean temperature for each
month m of the year

a = an exponent calculated as a = 6.75 x1077°

—7.71 x 107 + 1.792 x 1072 + 0.49239 [see
Appendix I in Thornthwaite (1948) regarding
calculation of I and the empirical derivation
of a]
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Although only a simple approximation, a
key advantage of Thornthwaite’s formula is
that it has modest input data requirements (i.e.,
mean temperature values) compared to more
sophisticated methods of estimating PET such
as the Penman-Monteith equation (Monteith
1965), which requires less readily available data
on factors such as humidity, radiation, and wind
speed. To implement equation (1) spatially, we
created a grid of latitude values for determining
the L adjustment for any given grid cell (and
any given month) in the conterminous United
States. We extracted the T, values for the grid
cells from the corresponding PRISM mean
monthly temperature grids.

Moisture Index Maps

To estimate baseline conditions, we used
the precipitation (P) and PET grids to generate
moisture index grids for the past 100 years
(i.e., 1918-2017) for the conterminous United
States. We used a moisture index described by
Willmott and Feddema (1992), which has been
applied in a variety of contexts, including global
vegetation modeling (Potter and Klooster 1999)
and climate change analysis (Grundstein 2009).
Willmott and Feddema (1992) devised the
index as a refinement of one described earlier

by Thornthwaite (1948) and Thornthwaite and
Mather (1955). Their revised index, MI', has the
following form:

P/PET-1 , P<PET
MI'={1-PET/P , P>PET (2)
0 , P=PET=0

where
P = precipitation

PET = potential evapotranspiration, as
calculated using equation (1)

(P and PET must be in equivalent
measurement units, e.g., mm)

This set of equations yields a symmetric,
dimensionless index scaled between -1 and 1.
A primary advantage of this symmetry is that
it enables valid comparisons between any set
of locations in terms of their moisture balance
(i.e., the balance between moisture demand
and supply). MI' can be calculated for any time
period, but is commonly calculated on an annual
basis using P and PET values summed across
the entire year (Willmott and Feddema 1992).
An alternative to this summation approach is to



calculate MI' on a monthly basis (i.e., from total
measured precipitation and estimated potential
evapotranspiration in each month), and then,
for a given time window of interest, calculate
its moisture index as the mean of the MI' values
for all months in the time window. This “mean-
of-months” approach limits the ability of short-
term peaks in either precipitation or potential
evapotranspiration to negate corresponding
short-term deficits, as would happen under a
summation approach.

For each year in our study period (i.e.,
1918-2017), we used the mean-of-months
approach to calculate moisture index grids for
three different time windows: 1 year (MI,’), 3
years (MI;'), and 5 years (MILy'). Briefly, the M1}’
grids are the mean (i.e., the mean value for each
grid cell) of the 12 monthly MI’ grids for each
year in the study period, the M/’ grids are the
mean of the 36 monthly grids from January of
2 years prior through December of the target
year, and the M/’ grids are the mean of the 60
consecutive monthly M’ grids from January of 4
years prior to December of the target year. Thus,
the MI," grid for the year 2017 is the mean of the
monthly M1’ grids from January to December
2017, while the M1’ grid is the mean of the grids
from January 2015 to December 2017, and the
MI' grid is the mean of the grids from January
2013 to December 2017.

Annual and Multiyear Drought Maps

To determine degree of departure from
typical moisture conditions, we first created
anormal grid, MI;/ . for each of our three
time windows, representing the mean (i.e.,
the mean value for each grid cell) of the 100
corresponding moisture index grids (i.e., the
MI ] " MI B " or MI 5’ grids, depending on the
window; see fig. 4.1). We also created a standard
deviation grid, Ml ¢, for each time window,
calculated from the window’s 100 individual
moisture index grids as well as its M1/, grid.
We subsequently calculated moisture difference
z-scores, MDZ, for each time window using
these derived datasets:

MIL'— ML'

MOZE T, o

iSD
where

i = the analytical time window (i.e., 1, 3, or
5 years)

j = a particular target year in our 100-year
study period (i.e., 1918-2017)

MDZ scores may be classified in terms of
degree of moisture deficit or surplus (table 4.1).
The classification scheme includes categories
(e.g., severe drought, extreme drought) like
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Annual moisture index
100-year mean (1918-2017)

B <07

[ >-0.7 and <-0.5
[]>-0.5and <-0.3
[ ]>-0.8and <-0.1
[ ]>-0.1and <0.1
[ ]>0.1and<0.3 5
[[]>03and<0.5 I g

I >0.5and <0.7

B >0.7 Figure 4.1—The 100-year (1918-2017) mean annual moisture index, or ML}, ', for the conterminous

Forested areas United States. Ecoregion section (Cleland and others 2007) boundaries and labels are included for reference.

/~\/ Ecoregion section Forest cover data (overlaid green hatching) derived from Moderate Resolution Imaging Spectroradiometer
boundary (MODIS) imagery by the Forest Service Remote Sensing Applications Center. (Data source: PRISM Climate

Group, Oregon State University)



Table 4.1—Maoisture difference z-score (MDZ)
value ranges for nine wetness and drought
categories, along with each category's
approximate theoretical frequency of occurrence

Score Category Frequency
MDZ < -2 Extreme drought 2.3%
-2<MDZ<-1.5 Severe drought 4.4%
-1.5<MDZ < -1 Moderate drought 9.2%
-1<MDZ<-0.5 Mild drought 15%
-0.5<MDZ<0.5 Near normal conditions 38.2%
0.5<MDZ=<1 Mild moisture surplus 15%
1<MDZ<15 Moderate moisture surplus  9.2%
1.5<MDZ <2 Severe moisture surplus 4.4%
MDZ > 2 Extreme moisture surplus 2.3%

those associated with the PDSI. The scheme
has also been adopted for other drought indices
such as the Standardized Precipitation Index,
or SPI (McKee and others 1993). Moreover, the
breakpoints between MDZ categories resemble
those used for the SPI, such that we expect the
MDZ categories to have theoretical frequencies
of occurrence that are similar to their SPI
counterparts (e.g., approximately 2.3 percent
of the time for extreme drought; see McKee
and others 1993, Steinemann 2003). More
importantly, because of the standardization in
equation (3), the breakpoints between categories
remain the same regardless of the size of the
time window of interest. For comparative
analysis, we generated and classified MDZ maps
of the conterminous United States, based on all
three time windows, for the target year 2017.

RESULTS AND DISCUSSION

The 100-year (1918-2017) mean annual
moisture index, or MI,’, " grid (fig. 4.1)
provides an overview of moisture regimes in
the conterminous United States. (The 100-
year MI;',  and MIJ', . grids were similar to
the mean M, ’norm grid, and so are not shown
here.) Wet climates (MI' >0) are typical in the
Eastern United States, especially the Northeast.
An interesting anomaly is southern Florida,
primarily ecoregion sections (Cleland and others
2007) 232D-Florida Coastal Lowlands-Gulf,
232G-Florida Coastal Lowlands-Atlantic, and
411A-Everglades. This region appears to be
dry relative to other parts of the East, which
is an effect of its tropical climate, which has
distinct wet (primarily summer months) and
dry (late fall to early spring) seasons. Although
southern Florida usually receives a high level
of precipitation during the wet season, it can
be insufficient to offset the region’s lengthy dry
season (Duever and others 1994) or its high 83
level of temperature-driven evapotranspiration,
especially during the late spring and summer
months, resulting in negative MI’ values.

The climatic regime of southern Florida
contrasts markedly with the pattern observed
in the driest parts of the Western United States,
particularly the Southwest (e.g., sections
322A-Mojave Desert, 322B-Sonoran Desert,
and 322C-Colorado Desert), where potential
evapotranspiration is very high, but precipitation
levels are typically very low. In fact, because
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of generally lower precipitation than the East,
dry climates (MI' <0) are typical across much

of the Western United States. Nevertheless,
mountainous areas in the central and northern
Rocky Mountains as well as the Pacific
Northwest are relatively wet, such as ecoregion
sections M242A-Oregon and Washington Coast
Ranges, M242B-Western Cascades, M331G—
South Central Highlands, and M333C-Northern
Rockies. This is driven in part by large amounts
of winter snowfall in these regions (Hanson and
Weltzin 2000).

Figure 4.2 shows the annual (i.e., 1-year)
MDZ map for 2017 for the conterminous United
States. Although there are areas of mild to
extreme drought (MDZ <-0.5) scattered across
the country, the most distinctive feature of
the map is a large contiguous zone of extreme
drought (MDZ <-2) in the Southwestern
United States. Encompassing virtually the
entire “Four Corners” region (southeastern
Utah, southwestern Colorado, northwestern
New Mexico, and northeastern Arizona), this
contiguous zone extended into at least 18
ecoregion sections, including most of 313A—
Grand Canyon, 313B-Navajo Canyonlands,
313D-Painted Desert, and M313A—White
Mountains-San Francisco Peaks-Mogollon
Rim. Although only M313A is predominately
forested, all forested areas in 313A, 313B, and
313D experienced extreme drought conditions
in 2017, as was similarly the case in 341B-
Northern Canyonlands. Other forested ecoregion
sections that fell partly in this contiguous zone
include 313C-Tonto Transition and M341B—

Tavaputs Plateau. To the south and west of the
zone, extreme drought also occurred in the
few isolated areas of forest within 321A-Basin
and Range, 322A-Mojave Desert, and 341F-
Southeastern Great Basin.

Severe to extreme drought conditions (MDZ
<-1.5) affected forests in two ecoregion sections
in southern California in 2017: almost all of
M262B-Southern California Mountain and
Valley as well as the southern portion of M261E—
Sierra Nevada. Additionally, a few sizeable
contiguous areas of mild to extreme drought
occurred in the Midwestern United States. One
of these areas affected sections 223 G-Central
Till Plains-Oak Hickory, 251 C—Central Dissected
Till Plains, 251D—Central Till Plains and Grand
Prairies, as well as the heavily forested 223 A-
Ozark Highlands. A similar drought area to the
west of this fell mostly in sections 332E-South
Central Great Plains and 332F-South Central
and Red Bed Plains, neither of which contains
much forest. A third area along the Canadian
border affected portions of 251A-Red River
Valley, 331E-Northeastern Glaciated Plains,
331K-North Central Highlands, 331L-Glaciated
Northern Highlands, 331M-Missouri Plateau,
and 332A (also Northeastern Glaciated Plains);
these ecoregion sections contain almost no
forest cover.

The 1-year MDZ map for 2017 (fig. 4.2) is
dramatically different from the 1-year map for
2016 (fig. 4.3). Many of the drought-affected
areas that were prominent in the 2016 map
saw improved moisture conditions during
2017. Perhaps most notably, the large area of



Moisture difference
z-score (MDZ)
Il <-2 (extreme drought)
I >-2- -1.5 (severe drought)
[[]>-1.5—-1 (moderate drought)
[ ]>-1--0.5 (mild drought)

[ ]>-0.5-0.5 (near normal)

[ 1>0.5—1 (mild surplus)

I >1-1.5 (moderate surplus)
Il >1.5-2 (severe surplus)
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I > 2 (extreme surplus) 7 L

Forested areas )

/\ Ecoregion section Figure 4.2—The 2017 annual (i.e., 1-year) moisture difference z-score, or MDZ, for the conterminous United
boundary States. Ecoregion section (Cleland and others 2007) boundaries and labels are included for reference. Forest

cover data (overlaid green hatching) derived from MODIS imagery by the Forest Service Remote Sensing
Applications Center. (Data source: PRISM Climate Group, Oregon State University)
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Moisture difference
z-score (MDZ)
I <-2 (extreme drought)

I >-2- -1.5 (severe drought)
[ >-1.5— -1 (moderate drought)
[ ]>-1--0.5 (mild drought)

[ ]>-0.5-0.5 (near normal)

[ ]>0.5-1 (mild surplus)

I > 1-1.5 (moderate surplus)
B > 1.5-2 (severe surplus)
I > 2 (extreme surplus)
Forested areas

" Ecoregion section
boundary

Figure 4.3—The 2016 annual (i.e., 1-year) moisture difference z-score, or MDZ, for the conterminous
United States. Ecoregion section (Cleland and others 2007) boundaries and labels are included for reference.
Forest cover data (overlaid green hatching) derived from MODIS imagery by the Forest Service Remote
Sensing Applications Center. (Data source: PRISM Climate Group, Oregon State University)



severe to extreme drought that covered much
of the Southeastern United States in 2016
(including forested sections 221H-Northern
Cumberland Plateau, 221J-Central Ridge and
Valley, 231A-Southern Appalachian Piedmont,
231C-Southern Cumberland Plateau, and 231D-
Southern Ridge and Valley, as well as southern
portions of M221D-Blue Ridge Mountains and
231I-Central Appalachian Piedmont) shifted

to near normal or surplus conditions in 2017.
Likewise, an area of mostly moderate to extreme
drought that extended north from the Mid-
Atlantic region into New England during 2016
contracted significantly in 2017, with drought
conditions persisting only in portions of 211B-
Maine-New Brunswick Foothills and Lowlands,
211C-Fundy Coastal and Interior, 211D-
Central Maine Coastal and Embayment, and
M211A-White Mountains. Unfortunately, most
forested areas in California, which experienced
near normal to surplus conditions in 2016

after several years of historically exceptional
drought, saw drought conditions return in 2017,
including the aforementioned severe to extreme
drought in sections M262B-Southern California
Mountain and Valley and M261E-Sierra Nevada.
This return could magnify an already dramatic
forest health impact: since 2010, an estimated
129 million trees have died in California due to
direct or indirect drought effects (USDA Forest
Service Region 5 Forest Health Monitoring
program 2018).

The zone of extreme drought in the Four
Corners region in 2017 represented an
intensification and geographic expansion of
mostly mild drought conditions that were
present in 2016. As noted earlier (see fig. 4.1),
high temperatures and low precipitation levels
are regular features of the climatic regime of
the Southwestern United States, so droughts
of varying duration and intensity are common
throughout the region. In recent years, however,
temperatures in the Southwest have trended
toward new highs compared to the historical
record (i.e., since measurements began in 1895).
For example, in Arizona and New Mexico,
average temperatures in 2017 and in the
corresponding 3-year (2015-2017) and 5-year
(2013-2017) time periods were the warmest
on record. In Colorado and Utah, 2017 was the
third warmest year on record, while 2015-2017
and 2013-2017 were the warmest 3- and 5-year
periods to date (National Climatic Data Center
2018b). Notably, none of these States received
especially low levels of precipitation during these 87
periods, other than a somewhat anomalous .
shortage of rainfall in late 2017 (National
Climatic Data Center 2018a). Regardless,
because climatological data and climate change
projections suggest a continued warming trend
globally—in terms of both average and extreme
temperatures (Gil-Alana 2018, Rahmstorf
and others 2017)—it is highly possible, if not
likely, that drought impacts will worsen in
the Southwest.
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The 3-year (2015-2017; fig. 4.4) and 5-year
(2013-2017; fig. 4.5) MDZ maps reveal other
emerging drought patterns in the United States
that may be linked to this warming trend. For
instance, while droughts have been a persistent
concern throughout much of the Western
United States for the last several decades
(Groisman and Knight 2008, Mueller and others
2005, Woodhouse and others 2010), it is only
in the past few years that moderate to extreme
drought conditions have been widespread in the
Pacific Northwest, as shown in figures 4.4 and
4.5 (in particular, sections M332B-Northern
Rockies and Bitterroot Valley, M333B-Flathead
Valley, M333C-Northern Rockies, and M333D—
Bitterroot Mountains). These conditions did
not arise because of a lack of precipitation,
but because warm temperatures disrupted the
region’s usual water balance; for example,
winter precipitation fell as rain rather than
snow, substantially reducing snowpack (Marlier
and others 2017). Indeed, 2013-2017 was tied
with 2012-2016 as the warmest 5-year period
on record for the Pacific Northwest in terms of
average temperatures (National Climatic Data
Center 2018a).

Similarly, but on a smaller scale, the 3-year
and 5-year MDZ maps show the persistence of
drought conditions on New York’s Long Island
and in other portions of section 221A-Lower
New England. Recently, this area has seen
unprecedented outbreaks of the southern pine
beetle (Dendroctonus frontalis), a native insect
that has been associated historically with pine
forests of the Southeastern United States.

Although drought stress may be a weaker
inciting factor for southern pine beetle activity
than it is for other bark beetles (Kolb and
others 2016), the emergence of the pest in an
apparently novel environment has been linked
to warming temperatures (Lesk and others
2017) that intensified drought conditions in the
region (Sweet and others 2017). Furthermore,
climate change projections suggest the beetle
will expand farther into the Northeastern
United States in the next few decades (Lesk and
others 2017).

Broadly, the 3- and 5-year MDZ maps show
differences between the Eastern and Western
United States that are consistent with their
disparate moisture regimes. As illustrated by
the 3-year MDZ map (fig. 4.4), few forested
areas west of the Great Plains experienced
near normal or surplus moisture conditions
during 2015-2017; indeed, only a handful of
ecoregion sections could be characterized as
mostly—but not completely—drought-free
(e.g., M331D-Overthrust Mountains). By
comparison, many forested areas east of the
Rocky Mountains were essentially drought-free
during this period. Indeed, other than the area
in southern New England described previously,
these areas of severe to extreme drought were
usually restricted to the Southeastern United
States (although areas of mild drought were
reasonably widespread in the East). Moreover,
these severe to extreme drought areas were less
prominent in the 5-year MDZ map (fig. 4.5) than
in the 3-year map (fig. 4.4), which indicates that
these conditions developed primarily within
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boundary Forest cover data (overlaid green hatching) derived from MODIS imagery by the Forest Service Remote
Sensing Applications Center. (Data source: PRISM Climate Group, Oregon State University)
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\/ Ecoregion section Figure 4.5—The 2013-2017 (i.e., 5-year) moisture difference z-score (MDZ) for the conterminous United States.
boundary Ecoregion section (Cleland and others 2007) boundaries are included for reference. Forest cover data (overlaid

green hatching) derived from MODIS imagery by the Forest Service Remote Sensing Applications Center. (Data
source: PRISM Climate Group, Oregon State University)



the last few years, and likely were preceded by
near normal moisture conditions in 2013-2014.
For example, one area in section 231I-Central
Appalachian Piedmont can mostly be traced to
the large contiguous zone of severe to extreme
drought that occurred in 2016 (fig. 4.3).
Another area in the southern portion of 232C—
Atlantic Coastal Flatwoods appears to be linked
to conditions that emerged primarily in 2017
(fig. 4.2).

Nevertheless, the contrast between the East
and West is perhaps most emphasized by areas
of moisture surplus documented in the 3-year
and 5-year MDZ maps. While areas with severe
to extreme surpluses were widespread east
of the Rocky Mountains, they were virtually
nonexistent west of the range. In particular, a
few areas of surplus that appeared in the 5-year
MDZ map (fig. 4.5) are worth highlighting: in the
western Great Lakes region (especially forested
sections 212J-Southern Superior Uplands,
212K-Western Superior Uplands, 212Q-North
Central Wisconsin Uplands, 212R-Eastern Upper
Peninsula, 212X-Northern Highlands, 212Y-
Southwest Lake Superior Clay Plain, 2221~
North Central U.S. Driftless and Escarpment, and
222R-Wisconsin Central Sands); in Kentucky
and southern Indiana (223B-Interior Low
Plateau-Transition Hills, 223D-Interior Low
Plateau-Shawnee Hills, and 223F-Interior
Low Plateau-Bluegrass); and in eastern North
Carolina and South Carolina (portions of 2311-
Central Appalachian Piedmont, 232C-Atlantic
Coastal Flatwoods, 232H-Middle Atlantic
Coastal Plains and Flatwoods, and 2321-

Northern Atlantic Coastal Flatwoods). Although

no specific forest health impacts have been

reported in these areas, recent evidence suggests

a link between persistent excess moisture and

increased vulnerability of forests to pathogens

and other disease-causing agents (Hubbart

and others 2016). These agents may be further

enabled during times of high climate variability,

such as when a period of drought occurs

immediately before or after a period of moisture

surplus (Hubbart and others 2016). A pertinent

geographic example is eastern Texas, which saw

multiple areas of moderate to extreme moisture

surplus during the 2013-2017 period (in

portions of 231E-Mid Coastal Plains-Western,

232F-Coastal Plains and Flatwoods-Western

Gulf, 255B-Blackland Prairies, and 255C-0ak

Woods and Prairies; see fig. 4.5). Notably, this

prolonged period of surplus came shortly after

Texas experienced its worst 1-year drought on

record in 2011, which resulted in estimated

mortality of >6 percent of forest trees statewide,

roughly nine times the normal background 91
mortality (Moore and others 2016). Forests in
this region should be monitored over the next
several years for possible impacts related to
this pronounced swing in moisture conditions.
Monitoring may also be advisable for the three
areas of moisture surplus identified above (i.e.,
the western Great Lakes region, Kentucky and
southern Indiana, and the Carolinas). These
areas were less extensive in the 3-year MDZ
map than in the 5-year map, which may be

a preliminary signal of a shift from surplus to
drought conditions in some locations.
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Future Efforts

We intend to produce 1-year, 3-year, and
5-year MDZ maps of the conterminous United
States as a regular yearly component of national-
scale forest health reporting. To interpret the
maps appropriately, it is important to recognize
their limitations. Foremost, the MDZ approach
does not incorporate some factors that may
affect a location’s moisture supply at a finer
spatial scale, such as winter snowpack, surface
runoff, or groundwater storage. Furthermore,
although the maps use a standardized index
scale that applies regardless of the size of the
time window, the window size may still merit
consideration. For example, an extreme drought
that persists for 5 years has substantially
different forest health implications than an
extreme drought that lasts only a single year.
Together, the 1-year, 3-year, and 5-year MDZ
maps provide a comprehensive short-term
overview, but a region’s longer term moisture
history may also be meaningful with respect to
the health of its forests. For instance, in regions
where droughts have been frequent historically
(e.g., occurring on an annual or nearly annual
basis), some tree species may be better drought-
adapted than others (McDowell and others
2008). Because of this variability in species’
drought resistance, a long period of persistent
and severe drought conditions could ultimately
lead to changes in regional forest composition
(Mueller and others 2005); compositional
changes similarly may arise from a long period
of persistent moisture surplus (McEwan and
others 2011). In turn, such changes are likely

to affect regional responses to future drought or
surplus conditions, fire regimes, and the status
of ecosystem services such as nutrient cycling
and wildlife habitat (W.R.L. Anderegg and others
2013, DeSantis and others 2011). In future
work, we hope to provide forest managers and
other decisionmakers with better quantitative
evidence regarding critical relationships between
moisture extremes and significant forest health
impacts such as regional-scale tree mortality
(e.g., Mitchell and others 2014). We also intend
to examine the capacity of moisture extremes to
serve as inciting factors for other forest threats
such as wildfire or pest outbreaks.
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INTRODUCTION

ree mortality is a natural process in all

forest ecosystems. High mortality can be an

indicator of forest health problems. On a
regional scale, high mortality levels may indicate
widespread insect or disease impacts. High
mortality may also occur if a large proportion
of the forest in a particular region is made up of
older, senescent stands. The approach presented
here seeks to detect mortality patterns that
might reflect changes to ecosystem processes at
large scales. In many cases, the proximate cause
of mortality may be discernable. Understanding
proximate causes of mortality may provide
insight into whether the mortality is within
the range of natural variation or reflects more
fundamental changes to ecological processes.

DATA

Forest Inventory and Analysis (FIA) Phase 2
(P2) data were the basis of the mortality
analysis. The FIA P2 data are collected across
forested land throughout the United States,
with approximately one plot per 6,000 acres
of forest, using a rotating panel sample design
(Bechtold and Patterson 2005). Field plots are
divided into spatially balanced panels, with
one panel being measured each year. A single
cycle of measurements consists of measuring all
panels. This “annualized” method of inventory
was adopted, State by State, beginning in 1999.
The cycle length (i.e., number of years required
to measure all plot panels) ranges from 5 to
10 years.

An analysis of mortality requires data
collected at a minimum of two points in time.
Therefore, mortality analysis was possible
for areas where data from repeated plot
measurements using consistent sampling
protocols were available (i.e., where one cycle of
measurements had been completed and at least
one panel of the next cycle had been measured,
and where there had been no changes to the
protocols affecting measurements of trees or
saplings). In this report, as in recent years, the
repeated P2 data were available for all of the
Central and Eastern States. The most recent
cycle of remeasurements for each State was used
in this analysis.

In addition, mortality data have become
available from parts of the Western United
States. In the West, plots are remeasured on
a 10-year cycle. Thus, estimates of growth
and mortality from the West are based on
less than a complete cycle of remeasurement.
Remeasurement data were available for all
Western States in the conterminous United
States except Wyoming. However, for several
States, the proportion of plots that have been
remeasured is small, making the effective
sampling intensity for growth and mortality
estimates significantly lower than FIA’s standard
of one plot: 6,000 acres (table 5.1). Therefore,
the percent sampling error on growth and
mortality estimates tends to be large. Results are
not presented for ecoregion sections where <50
plots had been remeasured or where the percent
error was unacceptably high. Nevertheless,
results presented for the West should be viewed
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Table 5.1—Western States from which

repeated Forest Inventory and Analysis Phase 2
measurements were available, the time period
spanned by the data, and the effective sample
intensity (on the proportion of plots that had been
remeasured) in the available datasets

State Time period Effective sample intensity

Arizona 2001-2016 one plot: 10,000 acres
California 2001-2016 one plot: 10,000 acres
Colorado 2002-2016 one plot: 12,000 acres

Idaho 2004-2016 one plot: 20,000 acres
Montana 2003-2016 one plot: 15,000 acres
Nevada 2004-2016 one plot: 20,000 acres
New Mexico 2005-2016 one plot: 30,000 acres
Oregon 2001-2016 one plot: 8,571 acres
Utah 2000-2016 one plot: 8,571 acres

Washington  2002-2016 one plot: 12,000 acres

as preliminary. Because of this, results from
the West are discussed separately from those
from the Eastern and Central United States.
The division of Eastern/Central versus Western
States, as well as the forest cover within those
States, is shown in figure 5.1.

METHODS

Forest Inventory and Analysis calculates
the growth, mortality, and removal volume on
each plot over the interval between repeated
measurements. These values are stored in the
FIA database (version 7.0.1) (Burrill and others

2017; USDA Forest Service, Forest Inventory
and Analysis program 2017). Forest Inventory
and Analysis” EVALIDator (ver. 1.7.0.01) is

an online tool for querying the FIA database
and generating area-based reports on forest
characteristics (Miles 2015). EVALIDator was
used to obtain net growth rates and mortality
rates over the most recent measurement cycle
for each of 97 ecoregion sections (Cleland and
others 2007, McNab and others 2007) covering
the Eastern and Central United States and

23 ecoregion sections in the Western'! United
States. For most States, the most recent cycle
of available data ran through 2016 (e.g., data
collected 2011 through 2016).

To compare mortality across forest types and
climate zones, the ratio of annual mortality
volume to gross annual volume growth
(MRATIO) was used as a standardized mortality
indicator (Coulston and others 2005). The
MRATIO has proven to be a useful indicator
of forest health, but it can be a problematic
indicator, especially when growth rates are
very low. The MRATIO can also be difficult to
interpret when there is high uncertainty to
growth estimates. Both of these are the case
with the data currently available from the West.

! At the time that this analysis was being completed, updates
being made to EVALIDator and the FIA database made it
impossible to generate growth estimates for the Interior
West, so MRATIOs were only calculated for the West

Coast States.
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Figure 5.1—Forest cover in the States where mortality was analyzed by ecoregion section (Cleland and others 2007). Mortality in Eastern and Central States
was analyzed using a complete remeasurement cycle; in Western States, mortality was analyzed using a partial cycle of remeasurements, and results there
should be considered preliminary. Forest cover was derived from MODIS satellite imagery (USDA Forest Service 2008).
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Therefore, mortality as a percentage of live
growing stock also was calculated:

Mortality percent = m / v, * 100

where

m = annual mortality (cubic feet per year)

v, = total live tree volume (cubic feet)

When both this mortality percentage and the
MRATIO are high, it suggests a possibly serious
forest health concern.

In addition, mortality rates were derived for
each forest type group (USDA Forest Service
2008) for each ecoregion section. Identifying
the forest types experiencing high mortality in
an ecoregion section is a first step in identifying
what forest health issue may be affecting the
forests. Although determining particular causal
agents associated with all observed mortality
is beyond the scope of this report, often there
are well-known insects and pathogens that are
“likely suspects” once the affected forest types
are identified.

To identify possible causal agents for the
observed mortality, EVALIDator was also used to
report the cause of death that was recorded for
trees that died. Causes of death are reported as
general categories (e.g., insects, fire, weather).
Care must be used in interpreting these causes
because tree mortality may actually be caused
by a combination of factors such as drought and
insects. Further information about the cause
of mortality is provided by the aerial survey of
insects and disease (see ch. 2 in this report). It

is difficult to directly match aerial survey data
to mortality observed on FIA plots. However, I
incorporate the results of this survey into the
discussion by consulting State Forest Health
Highlights, which reflect in large part the results
of aerial surveys.

RESULTS AND DISCUSSION

The MRATIO values are shown in figure 5.2.
The MRATIO can be large if an over-mature
forest is senescing and losing a cohort of older
trees. If forests are not naturally senescing,

a high MRATIO (>0.6) may indicate high
mortality due to some acute cause (insects or
pathogens) or due to generally deteriorating
forest health conditions. The 10 ecoregion
sections with the highest MRATIOs are labeled
on the map. In the discussion that follows, 1
focus on the ecoregion sections having MRATIOs
>0.5 (i.e., where mortality was greater than half
of gross growth).

Eastern and Central States

The highest MRATIOs occurred in ecoregion
sections 332D-North-Central Great Plains
(MRATIO = 1.05) in South Dakota and Nebraska
and M334A-Black Hills (MRATIO = 1.01).

Other areas of high mortality relative to growth
on the Great Plains were ecoregion sections
331F-Western Great Plains (MRATIO= 0.83) in
South Dakota and Nebraska, 331M-Missouri
Plateau (MRATIO = 0.75) in North and South
Dakota, and 332A-Northeastern Glaciated Plains
(MRATIO = 0.72) in North Dakota. In these
Great Plains ecoregion sections where mortality
is high relative to growth, the predominant
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Figure 5.2—Tree mortality expressed as the ratio of annual mortality volume to gross annual volume growth (MRATIO) by ecoregion section (Cleland
and others 2007). (Data source: U.S. Department of Agriculture Forest Service, Forest Inventory and Analysis program)
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vegetation is grassland. Although the ecoregion
sections are quite large, there was relatively little
forest land to measure (e.g., 112 plots in section
331F and 86 plots in section 331M). In the
Plains, tree growth is generally slow because of
naturally dry conditions. Where the number of
sample plots is small and tree growth is naturally
slow, care must be taken in interpreting
mortality relative to growth.

In 332D-North-Central Great Plains
(MRATIO = 1.05), 46 percent of mortality was
weather-related (table 5.2). Adverse weather
conditions, including both droughts and
excessively wet conditions, occurred multiple
times during the remeasurement cycle. These
included a drought that affected almost all
of Nebraska in 2012 and 2013 and a major
drought in South Dakota in 2017 (Ball and
others 2017; Nebraska Forest Service 2012,

Table 5.2—Ecoregion sections in the Eastern and Central

2013; South Dakota Department of Agriculture
2012). Most of the mortality occurred in the
elm-ash-cottonwood (48 percent) and oak-
hickory (17 percent) forest type groups. A
number of agents may have contributed to the
mortality, including oak decline, which has
been reported in northern and eastern Nebraska
(Nebraska Forest Service 2017), bur oak blight
(Tubakia iowensis), and Dutch elm disease
(Ophiostoma novo-ulmi) (Ball and others 2017).

In ecoregion section M334A-Black Hills
(MRATIO = 1.01), the vast majority (76 percent)
of mortality occurred in the ponderosa pine
forest type group; 62 percent of mortality was
caused by insects, while 23 percent was caused
by fire (table 5.2). Mortality in this ecoregion
section is most likely related to mountain pine
beetle (Dendroctonus ponderosae) as there had
been an ongoing pine beetle outbreak in the

United States having the highest mortality relative to growth (MRATIO),

annual growth and mortality rates, and associated causes of mortality

Average annual  Average annual

Ecoregion section gross growth

mortality MRATIO Major causes of mortality

------ cubic feet per year ------

332D-North-Central Great Plains 12,118,379 12,751,261 1.05  Weather-related (46%)

M334A-Black Hills 41,386,310 41,794,634 1.01 Insects (62%), fire (23%)

331F-Western Great Plains 13,823,354 11,454,079 0.83 Fire (40%), weather-related (22%)

255C-0ak Woods and Prairies 131,511,673 103,745,282 0.79  Weather-related (67%), disease (14%)

222U-Lake Whittlesey Glaciolacustrine Plain 63,480,976 50,049,630 0.79  Insects(73%)

331M-Missouri Plateau 9,373,439 7,010,951 0.75  Weather-related (63%), insects (11%), disease (10%)
332A—Northeastern Glaciated Plains 10,579,158 7,659,833 0.72  Weather-related (43%), animals (12%), disease (11%)
255A—Cross Timbers and Prairie 26,192,558 18,069,016 0.69 Disease (45%), weather-related (27%), fire (14%)
M223A-Boston Mountains 138,005,580 84,964,283 0.62 Disease (42%), weather-related (39%), insects (14%)



Black Hills region (Ball and others 2015, 2016;
South Dakota Department of Agriculture 2011,
2012, 2013, 2014). Pine beetle activity has
declined dramatically in the region since 2015
(Ball and others 2017, Wyoming State Forestry
Division 2017), and the pine beetle outbreak
has now ended, but reported mortality remains
high because results reported, based on the most
recent cycles of FIA data, reflect mortality over
the period that includes the peak of the outbreak
in 2015.

Both ecoregion sections 331F-Western Great
Plains and 331M-Missouri Plateau have had
high mortality relative to growth in recent
years (Ambrose 2013, 2014, 2015a, 2015b,
2016, 2017), so the observed mortality is not a
new phenomenon. Tree growth rates in these
regions (especially in 331M-Missouri Plateau)
are quite low, so the high MRATIOs are due to a
combination of low growth and high mortality.
Much of the forest in these sections is riparian,
and most of the species experiencing greatest
mortality are commonly found in riparian areas.
The major exception was high ponderosa pine
(Pinus ponderosa) mortality in ecoregion section
331F-Western Great Plains. Ponderosa pine is
not a riparian tree species, but like the riparian
species, it only occurs in a relatively small area
of the ecoregion section, on discontinuous
mountains, plateaus, canyons, and breaks in the
plains (Burns and Honkala 1990).

In ecoregion section 331F-Western Great
Plains, fire caused 40 percent of mortality;
another 22 percent of mortality was weather-
related (table 5.2). As mentioned previously,
much of the mortality in this ecoregion section
(about 36 percent) occurred in the ponderosa
pine forest type group; most of the rest of the
mortality occurred in various hardwood forest
type groups. However, the pine mortality
represented a relatively small proportion of the
growing stock in the ponderosa pine forest type
(0.47 percent) in the region. The pine mortality
in this ecoregion section is very likely related to
mountain pine beetle due to an ongoing pine
beetle outbreak in the adjacent Black Hills region
(Ball and others 2015, 2016; South Dakota
Department of Agriculture 2011, 2012, 2013,
2014). Mountain pine beetle-related mortality
also was reported in western Nebraska (Nebraska
Forest Service 2011, 2012), with an outbreak
that began in 2009, though pine beetle-related
mortality there has fallen significantly recently
(Ball and others 2017; Nebraska Forest Service
2014, 2015, 2016, 2017). The pine beetle
outbreak has ended, but reported mortality
remains high because the results shown, based
on the most recent cycles of FIA data, reflect
mortality over the period that includes the peak
of the outbreak.

More recently, several other agents have
been reported as affecting ponderosa pine in
western Nebraska, including Ips beetles and
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Diplodia blight (Nebraska Forest Service 2015,
2016, 2017). Drought in 2012 and 2013,
affecting much of South Dakota and Nebraska
(Nebraska Forest Service 2012, 2013; South
Dakota Department of Agriculture 2012), may
also have contributed to pine mortality, as well
as that of other species, in ecoregion section
331F-Western Great Plains.

In ecoregion section 331M-Missouri Plateau,
about 63 percent of the mortality (by volume)
occurred in the elm-ash-cottonwood forest
type group, and about 15 percent of mortality
occurred in the oak-hickory forest type group.
About 63 percent of mortality was identified as
weather-related (table 5.2). Adverse weather
conditions, including both drought and
excessively wet conditions, occurred during
the remeasurement cycle (Ball and others
2017; Johnson 2017; North Dakota Forest
Service 2012, 2013; South Dakota Department
of Agriculture 2012). Multiple tree-damaging
storm events, including both hail storms and
tornadoes, also occurred over that period
(Johnson 2017, North Dakota Forest Service
2016). About 11 percent of mortality was caused
by insects and 10 percent caused by disease
(table 5.2). Prior analyses identified three
species as suffering high mortality in this region:
eastern cottonwood (Populus deltoides), bur oak
(Quercus macrocarpa), and green ash (Fraxinus
pennsylvanica) (Ambrose 2015a). Green ash
has been affected by ash/lilac borer (Podosesia
syringae), as well as other native ash borers, in
both North and South Dakota (Ball and others
2015, 2016; North Dakota Forest Service 2012;

South Dakota Department of Agriculture 2012).
Cottonwood canker fungi have been identified
as a problem throughout North Dakota (North
Dakota Forest Service 2014, 2015); these

fungi may be contributing to the observed
cottonwood mortality.

The majority of the mortality in ecoregion
section 332A-Northeastern Glaciated Plains
of North Dakota was split between the elm-
ash-cottonwood (15 percent), aspen-birch
(28 percent), and oak-hickory (19 percent)
forest type groups. This ecoregion section
includes the Turtle Mountains, where thousands
of acres of forest tent caterpillar and large aspen
tortrix defoliation have occurred in recent
years (North Dakota Forest Service 2014).
Overmaturity of aspen (Populus tremuloides)
stands in North Dakota has led to increasing
insect and disease issues (North Dakota Forest
Service 2015). In addition, 4,000 acres of aspen
decline, also related to over-mature stands, have
been identified in this ecoregion section (North
Dakota Forest Service 2014). The defoliation
together with the aspen decline may be the
cause of most of the mortality in the aspen-
birch forest type. Cottonwood canker fungi
have been a problem throughout North Dakota
(North Dakota Forest Service 2014, 2015) and
may be a cause of the mortality in the elm-ash-
cottonwood forest type. About 43 percent of
the mortality was related to adverse weather
(table 5.2). North Dakota experienced numerous
storm events over the past several years,
including 435 hail events and 66 tornadoes
during the 2015 and 2016 growing seasons.



Damage due to hail storms can make trees
susceptible to a number of fungal diseases (North
Dakota Forest Service 2015, 2016).

Mortality relative to growth was also rather
high (MRATIO = 0.79) in ecoregion section
222U-Lake Whittlesey Glaciolacustrine Plain.
There the majority of the mortality was split
between the oak-hickory (45 percent) and
elm-ash-cottonwood (36 percent) forest type
groups. About 73 percent of the mortality in
that ecoregion section was caused by insects
(table 5.2). Much of the mortality in the
elm-ash-cottonwood group is likely due to
emerald ash borer (Agrilus planipennis), which
has produced extremely high ash mortality
throughout Ohio and Michigan (Michigan
Department of Natural Resources 2014, 2015,
2016, 2017; Ohio Department of Natural
Resources, Division of Forestry 2014, 2015),
and, in fact, has caused the death of the “vast
majority” of native ash in northwestern Ohio
(Ohio Department of Natural Resources,
Division of Forestry 2016). The cause of
mortality in the oak-hickory forest type group is
less clear. Several oak (Quercus spp.) pests were
reported in Ohio as well as “leaf-curl syndrome”
of unknown origin (Ohio Department of Natural
Resources, Division of Forestry 2015, 2016).

In Michigan, oak wilt (caused by the pathogen
Ceratocystis fagacearum) has been confirmed in
at least part of the ecoregion section (Michigan
Department of Natural Resources 2015,

2016, 2017).

Ecoregion section 255C-0ak Woods and
Prairies in Texas also had relatively high
mortality (MRATIO = 0.79). About 52 percent
of the mortality occurred in the oak-hickory
forest type group, 12 percent occurred in the
oak-gum-cypress forest type group, and another
12 percent occurred in the oak-pine forest type
group. About 11 percent of mortality occurred
in the loblolly-shortleaf pine type group. The
vast majority (67 percent) of mortality in this
ecoregion section was identified as weather-
related. A record-setting drought in 2011 that
affected Oklahoma and Texas was reported as
weakening both pines and hardwoods in Texas,
making them susceptible to a variety of pests
and pathogens (Smith 2013, 2014). Disease
was the reported cause of another 14 percent of
mortality (table 5.2). Oak wilt has been a major
problem in oak woodlands in central Texas
(Smith 2014; Texas A & M Forest Service 2015,
2016) and probably contributed to the mortality
in the oak-hickory and oak-gum-cypress forest
types. Pine engraver beetle (Ips spp.) has been
a problem in Texas’ pine forests and may have
contributed to mortality in the loblolly-shortleaf
pine forests (Smith 2014; Texas A & M Forest
Service 2015, 2016, 2017).
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Ecoregion section 255A—Cross Timbers and
Prairie experienced relatively high mortality
(MRATIO = 0.69). However, the majority
of the ecoregion section is located in central
Oklahoma, where annualized mortality data are
not yet available. Therefore, the results shown
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are based on data collected in the relatively
small portion of the ecoregion section located
in eastern Oklahoma and southeastern Kansas.
About 75 percent of the mortality (in terms of
tree volume) occurred in the oak-hickory forest
type group; another 18 percent of the mortality
occurred in the elm-ash-cottonwood forest

type group. Disease was the reported cause of
45 percent of mortality, 27 percent of mortality
was weather-related, and 14 percent of mortality
was due to fire. As mentioned above, a record
drought in 2011 and 2012 affected Oklahoma
and Texas, stressing trees. Officials in Oklahoma
and Texas have been working together to
monitor the impacts of drought on forest health
in both States (Oklahoma Forestry Services
2014, 2015, 2016). Oaks have been especially
strongly affected by the drought (Oklahoma
Forestry Services 2017). Following the drought,
hypoxylon canker has become a problem on
the drought-stressed trees (Oklahoma Forestry
Services 2017).

In ecoregion section M223A-Boston
Mountains (MRATIO = 0.62) in Oklahoma and
Arkansas, 87 percent of mortality occurred
in the oak-hickory forest type group. Most of
the mortality was due to disease (42 percent)
or weather (39 percent). As in the adjacent
ecoregion section 255A—Cross Timbers and
Prairie, a record drought in 2011 and 2012
severely stressed trees, and drought stress was
often followed by hypoxylon canker (Barton
2014, Oklahoma Forestry Services 2017). In
addition, widespread oak mortality has been

observed throughout Arkansas. This “oak
decline” is due to a number of factors that are
not all well-understood (Barton 2015).

Western States

As mentioned above, in much of the West,
only a relatively small proportion of plots
have been remeasured. Thus, the mortality
results presented here should be considered
preliminary. Also, one must be aware that,
because of the longer 10-year measurement
cycle in the West, results shown represent
mortality that may have occurred any time
during the period spanned by the data (see
table 5.1), which may have been as long as
16 years.

For large portions of the West, no MRATIO
was calculated. At the time this chapter was
being written, due to changes being made to
the FIA database, growth estimates were not
available for the Interior West FIA region. Thus,
no MRATIOs were calculated for ecoregion
sections in those States. MRATIOS were also not
calculated for some ecoregion sections in West
Coast States. This was because either (1) <50
plots had been remeasured in an ecoregion
section, or (2) the percent sampling error for the
growth estimate was too high (>100 percent).
One expects that as the first cycle of plot
remeasurements is completed in future years, it
will be possible to estimate an MRATIO for most
of the West. In the ecoregion sections of the
West Coast States where the MRATIO could be
calculated, ecoregion section M262B-Southern



California Mountain and Valley (MRATIO =
2.50) stands out. This is the highest MRATIO
found anywhere in the United States.

Annual mortality as a percentage of total live
tree volume is shown in figure 5.3. Besides a
sliver of ecoregion section 331F-Western Great
Plains (discussed in Eastern and Central States
results above) in southeast Montana, there are
only two ecoregion sections in which annual
mortality exceeded 2 percent of live volume.
These are ecoregion sections M262B-Southern
California Mountain and Valley and M331E-
Uinta Mountains of Utah.

In southern California, tree mortality is most
likely related to a combination of prolonged
drought (2011-2015), bark beetles, and fire
(California Forest Pest Council 2015, 2016).

A variety of pests, including mountain pine
beetle, fir engraver beetle (Scolytus ventralis), and
spruce beetle (D. rufipennis) have been affecting
ecoregion section M331E-Uinta Mountains
(USDA Forest Service, Uinta-Wasatch-Cache
National Forest [N.d]; Utah Department of
Natural Resources, Forestry, Fire, & State

Lands 2016).

SUMMARY

This analysis shows that in most of the
Eastern and Central United States, mortality is
low relative to tree growth. The areas of highest
mortality occur in the mostly riparian forests
of Great Plains ecoregion sections. A common
characteristic of most of these ecoregion sections

having high mortality is that they are on the
margins of land suitable for forest growth,
being very dry. Thus, they tend to be extremely
vulnerable to changes in weather patterns

that might produce prolonged and/or extreme
drought. Drought, combined with a variety of
other biotic and/or abiotic stressors, is likely
responsible for much of the mortality observed.

The preliminary analysis of the Western
United States shows that, in several parts of
the West, mortality is very high as a percent of
live volume. These areas correspond to regions
where insect outbreaks (see ch. 2) as well
as fire (ch. 3) and/or severe drought (ch. 4)
have occurred.

It is also important to realize that the analyses
presented in this chapter alone cannot tell
the complete story regarding tree mortality.
Mortality that is concentrated in highly
fragmented forest or nonforest areas adjacent S—
to human development may not be detected 107
because the available FIA data do not cover
most urban areas or other places not defined -
as forest by FIA. Also, these analyses are
unlikely to detect a pest or pathogen attacking a
particular tree species in a mixed-species forest
where other species are growing vigorously.
This is especially true of species that make up
a relatively small proportion of many eastern
forests (e.g., ash). For example, it is known
that emerald ash borer has been causing very
high ash mortality in many Eastern and Central
States in recent years (Ohio Department of
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Figure 5.3—Annual tree mortality
expressed as a percentage of live tree
volume by ecoregion section (Cleland

and others 2007) for the Western United
States. (Data source: U.S. Department of
Agriculture, Forest Service Forest Inventory
and Analysis program). Mortality

was analyzed using a partial cycle of
remeasurements, and results from the
region should be considered preliminary.



Natural Resources, Division of Forestry 2016;
USDA Animal and Plant Health Inspection
Service 2018). Yet, this mortality stands out
only in ecoregion section 222U-Lake Whittlesey
Glaciolacustrine Plain. Elsewhere in the East,
though ash mortality is known to be extremely
high, the mortality is masked because ash is a
relatively minor component of the forest.

To gain a more complete understanding of
mortality, one should consider the results of
this analysis together with other indicators of
forest health. Forest Inventory and Analysis
tree damage data (USDA Forest Service, Forest
Inventory and Analysis program 2017), as well
as Evaluation Monitoring projects that focus on
particular mortality-causing agents (ch. 8-10),
can provide insight into smaller scale or species-
specific mortality issues. Large-scale analyses
of forest-damaging events, including insect and
disease activity (ch. 2) and fire (ch. 3), are also
important for understanding mortality patterns.
This can be especially important in the West,
where mortality data are limited.
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INTRODUCTION

nvasive species can cause a variety of
Iundesirable changes in forest health simply

by altering forest species composition (Fei
and others 2014, Kettenring and Adams 2011,
Mack and others 2000). In the Eastern United
States, forest inventory data suggest that a
large proportion of the rural forest area already
contains harmful invasive species (Oswalt
and Oswalt 2015, Oswalt and others 2015).
To further inform forest managers about the
relative risks of adverse impacts in different
situations, the objectives of this study were
(1) to compare forest types in the Eastern
United States with respect to the likelihood
that they contain invasive forest plants, and
(2) to evaluate the relative roles of public
versus private forest ownership for conserving
the uninvaded forest area. Our goal was to
identify forest types with relatively high or
low probabilities of current invasion, and to
highlight the forest types for which either
public or private forest management could be
focused on the conservation of the uninvaded
area. The study area (fig. 6.1) included the 13
ecological provinces (Bailey 1995, Cleland and
others 2007) that contain most of the temperate
and boreal forest in the Eastern United States.
Almost all of the forest in the region has been
modified by humans, and approximately
40 percent of the original forest area has been

converted to other land uses (Smith and others
2009). Approximately three-fourths of the forest
area is privately owned (Oswalt and others
2014). Observations made on Forest Inventory
and Analysis (FIA) plots have found 71 harmful
invasive plant species (as defined by Ries and
others 2004) (Iannone 2018') on approximately
one-half of the plots surveyed in the study

area (Oswalt and Oswalt 2015, Oswalt and
others 2015).

METHODS

The plot data alone do not provide a statistical
basis for regional comparisons of invasions
among forest types or owners because invasive
plant observations have not been made at all FIA
plots in the study area. Instead, to accomplish
our objectives we integrated a plot-level model
of forest plant invasions with a statistically
representative sample of FIA plots. Invasibility
(the probability that a forest plot has been
invaded) was estimated from plot and landscape
(neighborhood) attributes. Invadedness (the
absolute areas of invaded and uninvaded forest)
was estimated by using the statistical design
of the forest inventory to scale up the plot-
level invasibility estimates to all forest area.
Comparisons of forest types and ownerships
were then conducted by post-stratifying the
estimates of invasibility and invadedness by
forest type and land ownership.

! personal communication. 2018. B. Tannone III, Assistant
Professor, Residential Landscape Ecology, University of
Florida, P.O. Box 110940, Gainesville, FL 32611-0940.
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fragmentation (15-ha neighborhood). The model
was applied to a representative sample of 82,506
FIA plots from the FIA database (O’Connell

and others 2015) that constituted a statistical
basis for forest area estimation circa 2006.

Each plot record had an expansion factor that
indicated the forest area represented by a given
condition (defined by, among other attributes,
site productivity, forest type, and ownership)
(Bechtold and Patterson 2005). The expansion
factors accounted for within-plot variability of
forest type and ownership.

We applied the approach described by
Riitters and others (2011) to extrapolate and
stratify the plot-level estimates of invasibility.
In the same way that a regional estimate of
the area of a given forest type is the sum of
the expansion factors for the plot records of

that type, a regional estimate of a given level
of invasibility was the sum of the expansion
factors over all plots with that invasibility.

Figure 6.1—The study area encompassed most of the
temperate and boreal forest in the Eastern United States.
(Data source: Cleland and others 2007)

116

The plot-level invasibility model (similar
to the model described by Riitters and others
2017) was developed using 23,039 FIA plots
that had been surveyed for invasive plants
between 2001 and 2011. To predict invasibility,
the model employed logistic regression with
independent variables measuring ecological
province, site productivity, distance to a road,
land use (590-ha neighborhood), and forest

Furthermore, since the product of invasibility
and expansion factor estimates the area invaded,
a regional estimate of invadedness (total area
invaded) was the sum of those estimates over

all plots. Finally, stratification was performed

by defining subsets of plots according to forest
type and/or ownership, and summing the area
within each subset. There were 74 forest types
(O’Connell and others 2015) after excluding
those that were not included in the development



of the plot-level invasibility model.> The 17 FIA

ownership categories (O’Connell and others

2015) were combined into four classes—Federal

(government), State and local (government),
private corporate, and private non-corporate.

For simplicity, we report area estimates
without confidence intervals. The model
correctly classified randomly drawn pairs of
invaded and uninvaded plots 76 percent of
the time, a reasonably good rate that was
significantly (X? = 232; p <0.001) better than
chance. At a broader spatial scale, the regional
pattern of predicted, per-plot invasibility was
similar to the pattern of observed per-county
invasion rates (Oswalt and Oswalt 2015).
The FIA sample design has a target precision
of £3 percent for forest area estimates in
the Eastern United States (Bechtold and
Patterson 2005).

RESULTS AND DISCUSSON

We estimated that invasive forest plants
occur on 51 percent of the 152 million ha of
forest land considered in this study (table 6.1).
Estimated invadedness ranged from 20 to 61
percent of total area of each of the 10 forest
type groups recognized by FIA. Over half of the

2 The following forest type groups were excluded because
they were not included in the development of the

invasibility model: other eastern softwoods; pinyon-juniper;

exotic softwoods; other hardwoods; woodland hardwoods;
tropical hardwoods; and exotic hardwoods. Also excluded

were the Fraser fir forest type (because of small sample size),

and data records lacking forest type information (including
non-stocked plots).

Table 6.1—Total area and invadedness of 10 FIA forest type
groups in the Eastern United States, by percent area invaded

Foresttype group

thousand ha  percent

Loblolly-shortleaf pine 23225 61
Elm-ash-cottonwood 8442 59
Oak-pine 11319 58
Oak-hickory 57732 58
Oak-gum-cypress 9639 49
Longleaf-slash pine 5256 43
White-red-jack pine 3584 40
Maple-beech-birch 18936 34
Aspen-hirch 6925 32
Spruce-fir 6124 20

All foresttype groups 151180 51

4Sums may have rounding error.

invaded area was contained in two forest type
groups (loblolly-shortleaf pine, oak-hickory),
in part because those two types were the most
common types in the 1regior1.3 The statistics

in table 6.1 suggested broad geographical
patterns resulting from the overall geographical
distinctness of different forest types. For
example, the spruce-fir, maple-beech-birch,
and aspen-birch type groups tend to occur in

the relatively remote portions of the study area,

where invasion pressures are probably lower
than elsewhere (Iannone and others 2015).

% See O’Connell and others (2015) for scientific names of
species, and fuller descriptions of forest types and forest
type groups.

Total area? Invadedness (area invaded)?

thousand ha
14096
5004
6564
33480
4702
2268
1420
6446
2186
1199
77 365
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At the same time, invadedness varied
substantially among forest types within forest
type groups (table 6.2). For example, the
loblolly-shortleat pine type group had the
highest percent invadedness (61 percent;
table 6.1), but included two forest types that
exhibited relatively low percent invadedness—
pond pine (28 percent) and Table Mountain pine
(21 percent). Conversely, within the spruce-
fir type group that had the lowest percent
invadedness (20 percent; table 6.1), invadedness
ranged from 10 percent (red spruce-balsam
fir type) to 36 percent (white spruce type).
Invadedness also varied substantially among
ownerships (table 6.3). Approximately one-third
of public forest land was invaded, compared
to 46 percent of private corporate forest and
59 percent of private non-corporate forest. The
overall percent of forest invaded (51 percent)
reflected the higher percentages in private
ownerships that together comprised 81 percent
of total forest area.

Since forest types are not distributed
uniformly across ownerships (results not
shown), the large variation of invadedness
among both forest types and ownerships implies
that conservation of uninvaded forest (or
remediation of invaded forest) could potentially
be focused on either public or private forest
management depending on the forest type to
be conserved (or remediated). To allow detailed
examination of those possibilities, the invaded
and uninvaded forest type areas by ownership
are shown in figure 6.2. In figure 6.2, each
row represents a single forest type. Along the

Table 6.2—Invadedness and area by forest type

Forest type group?

Foresttype

Loblolly-shortleaf pine  Virginia pine

Elm-ash-cottonwood

Oak-pine

Loblolly pine
Shortleaf pine
Spruce pine

Pitch pine

Sand pine

Pond pine

Table Mountain pine

Silver maple-American elm
Cottonwood
Cottonwood-willow

River birch-sycamore

Sugarberry-hackberry-elm-
green ash

Sycamore-pecan-American elm
Willow

Red maple (lowland)

Black ash-American elm-red maple

Virginia pine-southern red oak
Eastern redcedar-hardwood
Loblolly pine-hardwood

Shortleaf pine-oak

Eastern white pine-northern red oak
Longleaf pine-oak

Slash pine-hardwood

Other pine-hardwood

Invadedness

percent

70
62
53
48
34
32
28
21

75
69
69
68
63

62
53
51
42

67
65
63
59
48
44
44
38

Area

thousand

ha

836

20207

1329

18

305

249

264

18

328
252
145
759
3217

1210
445
81

1217

867
1053
5075
1192
1328

395

606

803

continued



Table 6.2 (continued) —Invadedness and area by forest type

Forest type group?

Oak-hickory

Oak-gum-cypress

Foresttype

Black walnut
Sweetgum-yellow-poplar
Bur oak

Cherry-white ash-yellow-poplar
Black locust
Elm-ash-black locust
Yellow-poplar

Mixed upland hardwoods
Sassafras-persimmon
White oak-red oak-hickory
White oak

Yellow-poplar-white oak-northern
red oak

Red maple-oak

Post oak-blackjack oak

Scarlet oak

Chestnut oak-black oak-scarlet oak
Northern red oak

Chestnut oak

Southern scrub oak

Swamp chestnut oak-cherrybark oak
Sweetgum-Nuttall oak-willow oak
Overcup oak-water hickory
Sweethay-swamp tupelo-red maple
Baldcypress-water tupelo
Baldcypress-pondcypress

Atlantic white-cedar

Invadedness

percent

75
7
69
66
65
64
63
62
61
60
60

57

57
55
52
44
43
37
37

60
55
47
44
M
34
27

Area

thousand

ha
259
3080
265
2226
353
2280
1242
8556
968

17 967
2833

3027

1344
4461

419
3754
1862
2122

13

559
3866
557
3288
968
3N
32

continued

Forest type group?

Longleaf-slash pine

White-red-jack pine

Maple-beech-hbirch

Aspen-birch

Spruce-fir

Foresttype

Slash pine
Longleaf pine

Eastern white pine

Eastern white pine-eastern hemlock
Red pine

Eastern hemlock

Jack pine

Black cherry

Hard maple-basswood

Red maple (upland)

Sugar maple-beech-yellow birch

Gray birch
Aspen

Balsam poplar
Pin cherry
Paper birch

White spruce
Tamarack

Northern white-cedar
Balsam fir

Black spruce

Red spruce

Red spruce-balsam fir

4 Forest type group is shown for reference.

Invadedness

percent

43
42

47
40
38
33
31

57
47
32
29

42
34
34
26
22

36
24
23
18
18
13
10

Area

thousand
ha
3942
1313

1377
203
923
511
570

554
3760
1843

12778

131
494
358
122
1373

241
733
1417
1509
1212
503
508
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Table 6.3—Area and invadedness by ownership

Invadedness
Ownership Total area® (areainvaded)?
thousand ha percent thousand ha

Federal 13641 35 4762
State and local 15597 33 5173
Private corporate 35124 46 16 052
Private non-corporate 86818 59 51378

All ownerships 151180 51 77 365

4Sums may have rounding error.

(A) | ® Federal ¥ State and local ¥ Private corporate ® Private non-corporate

Loblolly pine

White oak-red oak—hickory
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Figure 6. 2—Summary of invaded
and uninvaded forest area by
forest type and ownership. The
four panels (A, B, C, D) group
forest types with similar total area;
note the change in the horizontal
axis scale between panels. Within
each panel, forest types are sorted
by decreasing total area. The
invaded area is indicated by
negative numbers (left of zero);

the uninvaded area is indicated

by positive numbers (right of
zero). Colors indicate ownership,
with lighter shades used for the
invaded area. (Data sources:
Forest Service Forest Inventory and
Analysis; Riitters and others 2017)
(continued to next page)
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Figure 6.2 (continued)— Summary
of invaded and uninvaded forest
area by forest type and ownership.
The four panels (A, B, C, D)

group forest types with similar
total area; note the change in

the horizontal axis scale between
panels. Within each panel, forest
types are sorted by decreasing total
area. The invaded area is indicated
by negative numbers (left of zero);
the uninvaded area is indicated by
positive numbers (right of zero).
Colors indicate ownership, with
lighter shades used for the invaded
area. (Data sources: Forest Service
Forest Inventory and Analysis;
Riitters and others 2017)
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horizontal axis, the negative numbers indicate
the estimated invaded area, and the positive
numbers indicate the estimated uninvaded area.
The four primary colors on each bar represent
the four types of ownership, with lighter shades
of those colors used for the uninvaded area. The
scale of the horizontal axis changes between

the panels of figure 6.2 to make it easier to see
results for the less-common forest types. Using
the loblolly pine type as an example (see first
row of fig. 6.2A), and reading left to right, the
invaded area includes 6.4 million ha of private
non-corporate forest (light gray), 5.4 million

ha of private corporate forest (light gold), 0.2
million ha of State and local forest (light blue),
and 0.6 million ha of Federal forest (light green).
The uninvaded loblolly pine type includes 0.5
million ha of Federal forest (green), 0.2 million
ha of State and local forest (blue), 3.8 million ha
of private corporate forest (gold), and 3.2 million
ha of private non-corporate forest (gray).

To simplify the information and to address
our immediate objective, that information was
condensed to show the percent share of forest
type area in public ownership (Federal, State,
local) in relation to the percent of forest type
area that was invaded (fig. 6.3). From the chart
it is apparent that any strategy to mitigate or
remediate conditions in highly-invaded (e.g.,
>2/3 of total area) forest types could be focused
on private ownerships, because the public
ownership share of the area of those forest types
is typically <20 percent. At the other extreme,
the conservation of relatively less invaded
(e.g., <1/3 of total area) forest types could be

focused on either public ownerships or private
ownerships depending on the specific forest
type. For example, conservation on public lands
could focus on Atlantic white-cedar, jack pine,
tamarack, and black spruce, while conservation
on private lands could focus on red spruce,
balsam fir, pin cherry, and red maple (upland).

CONCLUSIONS

We combined the statistical power of the
FIA forest inventory system with the predictive
power of a plot-level plant invasion model to
compare forest types in the Eastern United
States with respect to the likelihood that they
contain invasive forest plants, and to evaluate
the relative roles of public versus private forest
ownership for conserving the uninvaded forest
area. We estimated that approximately half of
the total area of 74 forest types was invaded,
and that invasions were almost twice as likely
on privately owned land than on publicly owned
land. Individual forest types varied widely in
terms of historical invasions, but ownership
alone was the deciding factor for the most-
invaded forest types. There were no forest
types for which a remediation focus on public
land would be efficient, i.e., consideration of
privately owned lands is probably necessary for
controlling invasive plants. For the least-invaded
forest types, there were several instances for
which the efficiency of a conservation focus
on either public or private land would depend
on the forest type. While a regional analysis
can suggest forest management strategies such
as these, actual implementation necessarily
depends on local conditions.
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INTRODUCTION

mong other responsibilities, the Forest
Health Assessment and Applied Sciences

Team (FHAAST) of the U.S. Department
of Agriculture Forest Service Forest Health
Protection (FHP) program has spent the past
several years developing the Digital Mobile
Sketch Mapper (DMSM) for its aerial survey
program. This is intended to replace the Digital
Aerial Sketch Mapper (DASM) as the primary
way that aerial survey data are collected, stored,
accessed, and processed. The Insect and Disease
Survey (IDS) program is currently transitioning
from DASM to DMSM. The IDS database (DB)
contains mostly DASM data, but some regions
started using DMSM in 2015. By 2018, all
regions were using DMSM, and DASM will soon
be completely phased out. With DMSM comes a
tully synchronized IDS DB, which will continue
to represent the most updated, comprehensive,
and authoritative dataset of forest health
conditions in the United States. This dataset is
essential for providing multiscale spatiotemporal
summaries of forest pest outbreaks and
informing the estimated impacts on forest
resources. Insect and Disease Survey data have
a wide variety of Forest Service users, including
FHAAST and regional and forest entomologists,
as well as academic researchers and State,
industrial, and private landowners outside of the
Forest Service. The end goals of each user likely
vary, so it is important to make data accessible
and meaningful for use by all parties as much
as possible. While it is not the goal of FHAAST
to conduct research, by encouraging research

use of IDS we benefit by possibly adopting what
the research community learns. This chapter
helps address the goal of FHAAST’s Quantitative
Analysis program to support the development
of DMSM and help users better interpret and
use the new IDS data that are being collected
with DMSM.

CHAPTER 7.

Using Tree Canopy Cover
Data to Help Estimate
Acres of Damage

With the reconceptualization of aerial survey
methods and the resulting DMSM, one goal was
to better allow for accurate reporting of total
damage across multiple regions and nationally,
despite the variability in canopy density across
and even within regions. For example, one
might argue that, for a national report on bark
beetle mortality, an area containing bark beetle
mortality in dense lodgepole pine (Pinus contorta)
forest results in more tree mortality than the
same acreage of bark beetle mortality in sparse
ponderosa pine (P. ponderosa) woodlands.

This concept of “acres of,” rather than “acres
with,” can be helpful when comparing damage
summaries across different regions, hosts, or
agents. Among some of the key changes in
DMSM are the introduction of grid cells as a
new data collection feature type in addition

to polygons and points; replacing “trees per
acre” and “number of trees” measures of
mortality with a five-class rating system based
on percent of trees affected; and replacing
defoliation “severity” and “pattern” with three
severity classes. In addition to streamlining
and standardizing aerial survey reports, these
changes will help FHAAST better integrate aerial
survey data with remote sensing and ground
survey data (FHAAST 2017).

ERIN BERRYMAN

ANDREW McMAHAN
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In DMSM, damage is recorded based on the
visual assessment of the percent of live and
standing dead trees that are affected; therefore,
tree cover, as defined by all standing live and
dead trees detectable at a 30-m resolution
as viewed from directly above, is inherently
assessed during flights along with damage type,
agent, host, and severity (FHAAST 2017). A
key issue with obtaining accurate estimates of
damage occurs when damage polygons include
untreed area, such as meadows or farms, or
when the forest is very sparse, resulting in
significant gaps between trees. Often in cases
of complex damage patterns on the landscape,
surveyors have no choice but to draw large,

general polygons or grid cells to indicate damage,
yet these areas inevitably contain untreed area in
all but the most densely stocked forests. Because

of this reason, IDS polygons and grid cells

are treated by FHAAST as representing more
general “acres with” damage due to the nature
of their collection. What are needed for data

summaries, however, are “acres of” damage that

take into account both percent of trees affected
and overall treed versus untreed area. While
this is still not a true representation of reality,
it represents an improvement in accounting of
damage that allows a more fair comparison of
damage among different regions and damage-
causing agents. Updated, accurate geospatial
information about tree cover can serve as a
critical data input to adjusting IDS polygons for

more accurate estimates of acres of damage. For

our purposes and continued use with DMSM,
there are several key considerations when
choosing a treed cover layer:

Wall-to-wall national coverage;

Updated at least once every 5 years to reflect
an accurate depiction of conditions during the
most recent aerial surveys;

Appropriate spatial resolution to correspond
with DMSM data (30 m to 240 m); and
Consistent methods across product updates,
or a measure of error introduced by using
different methods.

The National Land Cover Database (NLCD)

Tree Canopy Cover (TCC) product (Yang and
others 2018) is a 30-m resolution, satellite-
derived canopy cover layer. Some important
considerations for the use of this layer for
adjusting IDS data to “acres of” damage are:

It relates ground-measured tree cover to
satellite-measured spectral reflectance

(i.e., greenness) from Landsat to identify
signatures that delineate forested cover from
nonforested cover.

Burned areas with standing dead trees

may register as tree canopy cover, albeit

at lower canopy cover than surrounding
unburned forest.

To obtain the highest-quality data and
imagery, data may be used from a range of
years leading up to the product release. For
example, the 2011 TCC product uses imagery
from 2009-2011.

Products from different years are difficult to
directly compare to each other because they
use slightly different methodology.



e The data layer reports percent canopy cover
that can either be used raw or be converted
to a binary treed/untreed layer by selecting a
canopy cover threshold.

This chapter describes analyses for
determining the potential of this data source
to help adjust IDS polygons to better represent
“acres of” damage rather than “acres with”
damage. First, NLCD TCC was directly compared
to FHAAST’s in-house forested/nonforested
layer that was developed in 2002 and last
refined in 2012 using various thresholds for
delineating forested versus nonforested. Next,
the proportion of treed area inside actual IDS
polygons was examined using the in-house
forested/nonforested layer, and we then
analyzed the sensitivity of IDS-derived acres of
damage using different thresholds of NLCD TCC
for use as a forested/nonforested layer. Finally,
aerial surveyor assessments of treed area inside
IDS polygons was compared to NLCD TCC-
derived estimates of treed area, also at different
NLCD TCC thresholds.

METHODS
NLCD Comparison with FNF

An analysis was conducted to compare
FHAAST’s forested-nonforested layer (FNF)
(Ellenwood and others 2015) to the TCC
layer derived from NLCD. The ENF layer was
developed at 30-m resolution using a similar
approach as NLCD TCC: relating ground tree
[>1-inch diameter at breast height (d.b.h.)]
survey measurements to spatial data on
greenness, topography, and other environmental

variables. The modeled product is a raster of
live forested basal area (BA) at 30-m resolution
which is then classified as forest or nonforest
based on a threshold of 1.7 square feet of BA
per 30-m pixel. This layer uses data collected
around 2002, an important consideration

when comparing it to TCC from 2011. Because
analyses were done at 240-m resolution, the
240-m version of FNF was used. This layer
contains values from 0-64, indicating how many
of the component sixty-four 30 m-pixels are
“treed” (i.e., have a modelled BA >1.7 square
feet). This was reclassed into two classes: treed
(1-64 treed 30-m pixels per 240 m) or untreed
(0 treed 30-m pixels per each 240-m pixel).
This 240-m treed/untreed layer was then
compared to a similar layer produced using data
from NLCD.

A treed/non-treed classification layer was
established from NLCD TCC using a number of
different thresholds of treed canopy cover to
delineate treed pixels: 10, 20, 25, 30, 35, and 50
percent. It was first reclassed into a binary raster
using these NLCD TCC thresholds, and then the
30-m cells were summed into 240-m resolution
with values 0-64, similar to the FNF layer. These
were reclassed into the same treed/untreed
classes as the FNF 240-m layer.

Confusion matrices were created at both
the national scale and for each Environmental
Protection Agency (EPA) Level 3 Ecoregion.
Kappa statistics were calculated from the
confusion matrices as a measure of agreement
between the FNF layer and the NLCD TCC layers
at each threshold (Congalton and Green 2008).
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Kappa was examined for trends by NLCD TCC
threshold and ecoregion. It was hypothesized
that classification based on NLCD TCC threshold
would probably vary according to forest type and
structure, such as what would be delineated by
general aridity of the ecoregion. To assess this,
we grouped ecoregions into six classes according
to annual precipitation, obtained from spatially
averaging [using “Zonal Statistics” in ArcGIS
(ESRI 2011)] the 30-year mean of annual
precipitation from the PRISM dataset (4-km
resolution; PRISM Climate Group, Oregon State
University 2017). Then, in each group, kappa
was plotted against NLCD TCC threshold to
determine which TCC threshold resulted in the
greatest agreement between FNF and NLCD TCC
for each precipitation class. The results of this
analysis will help determine what range of NLCD
TCC threshold to further examine for use as a
treed layer.

To examine the variability in FNF treed
cover in actual IDS polygons, treed cover was
calculated for each IDS polygon >50 acres for
2 years: 2008 and 2015. Zonal Statistics in
ArcGIS was used to calculate FNF treed cover
as a proportion of each polygon. Histograms
of proportion of treed area were generated for
each year.

Sensitivity of IDS Polygons to Threshold

Our objective was to determine how selection
of a particular NLCD TCC threshold would
impact summary statistics computed in DMSM.
We calculated treed area using different methods
on a new subset of IDS polygons (grid cells were
not yet being used in 2015) selected according to
the following criteria:

1. Collected in 2008 and 2015 (to include both
DASM and DMSM)

2. >100 acres (i.e., more likely to contain
nonforested area)

3. General shape rather than specific (i.e.,
round; low circumference-to-area ratio)

This resulted in a total of 7,795 polygons
in 2008 and 6,928 polygons in 2015. To limit
the influence of polygon size on the results
(i.e., tradeoff between specificity and size), we
selected the same size area within each polygon
within which to calculate statistics. We centered
a 480-m “superpixel” within each selected
IDS polygon and calculated treed area (using
Zonal Statistics in ArcGIS) from different treed
area products: FNE three different NLCD TCC
thresholds (10, 20, and 30 percent), and the
raw NLCD TCC product (i.e., mean TCC within
the superpixel). These treed area values were
then averaged for each EPA Level 1 Ecoregion to
detect general trends among FNE different NLCD
TCC thresholds, and raw NLCD TCC.



Consistency of Treed Layers with
Aerial Survey Assessment

In addition, we randomly selected 60 of the
above superpixels (30 from 2008 and 30 from
2015) for a manual exercise to compare NLCD
TCC-derived treed area with aerial surveyor
assessments. An equal number of images was
selected from each year to avoid bias associated
with switching from DASM to DMSM. Average
treed cover for the superpixel was calculated
using the three different NLCD TCC thresholds,
raw NLCD TCC, and FNF. To assess which GIS
layers of treed cover were most consistent with
aerial surveyor assessment of treed cover during
flights, high-resolution aerial imagery from NAIP
(National Agriculture Imagery Program) was
examined for each of the 60 superpixels by two
experts in aerial survey techniques. Experts were
asked to quickly visually estimate treed cover
within each 480-m superpixel with the mindset
of an aerial surveyor (i.e., what areas would
they consider when making a damage severity
assessment from a plane?). We calculated the
degree of agreement between each NLCD TCC
threshold layer and the observers’ assessments
using root mean squared error (RMSE):

13 ;
RMSE = |- Y'(C,-C,)’

ni-

where 1

C; = for each superpixel i, the observed value
(expert assessment of treed cover)

¢ ; = for each superpixel 7, the predicted value
(cover from treed layer)

n = the number of observations (60 for
observer 1’s assessment, 54 for observer 2’s
assessment)

Root mean squared error was calculated for
each of three NLCD TCC thresholds (10, 20,
and 30 percent) separately for polygons in the
Western United States (west of the Mississippi
River) and Eastern United States and for all
polygons combined. Root mean squared error
was also calculated for the same three TCC
thresholds but aggregated to 60-m (four pixels)
and 90-m (nine pixels) resolution to see if
agreement depended on spatial resolution of
the treed layer. All analyses are summarized in
table 7.1.
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Table 7.1—Summaries of analyses for this report

Spatial
Data layers resolution  Subset Analysis performed
NLCD TCC, FNF 240m All pixels from conterminous Compared treed versus untreed classification accuracy and how
United States accuracy varied by ecoregion and precipitation regime
IDS, FNF 30m >50 acres, 2008 and 2015 only Calculated proportion of treed area in each polygon and
examined distribution using histograms
IDS, NLCD TCC, 30m >100 acres, 2008 and 2015, Calculated proportion of treed area using each of five different
NLCD10,NLCD20, round polygons treed or forest canopy cover layers inside a 480-m superpixel
NLCD30, FNF centered inside each polygon
Same as above 30m Same criteria as above; Added expert assessment of treed area within a 480-m
30 randomly selected in 2008, superpixel centered inside each polygon; RMSE determined
30 randomly selected in 2015 between each expert assessment and GIS treed area calculation

NLCD TCC: National Land Cover Database Tree Canopy Cover; FNF: forested-nonforested; IDS: Insect and Disease Survey; NLCD10: 10-percent NLCD
TCC threshold; NLCD20: 20-percent NLCD TCC threshold; NLCD30: 30-percent NLCD TCC threshold.

RESULTS
NLCD Comparison with FNF

Applying a threshold of 10-percent TCC to
delineate a pixel as “treed” results in roughly
20 percent more area of the contiguous United
States being construed as “treed” relative to FNFE.
The distribution of canopy cover classes varies
geographically, with more western and arid
regions having most treed pixels classed into
lower canopy cover classes; pixels are classed
conversely in the wetter, eastern areas.

The kappa statistic, which reflects the overall
classification accuracy of NLCD TCC-derived
treed area compared to FNE varied depending
on both ecoregion and TCC threshold. In the
Western United States, kappa was highest at
canopy cover threshold of 10 to 20 percent

(fig. 7.1). In eastern ecoregions, kappa was
highest when 30- to 35-percent canopy cover
threshold was used. In general, regardless

of TCC threshold, agreement between TCC-
derived treed area and FNF was highest for
eastern, wetter ecoregions than for western,
drier ecoregions (fig. 7.2). Based on these
results, we chose to further examine the
performance of 10-, 20-, and 30-percent NLCD
TCC threshold layers with IDS data—these are
denoted as NLCD10, NLCD20, and NLCD30 from
here forward.

Sensitivity of IDS Polygons to Threshold

Within IDS polygons >50 acres, 70 percent
of them were >90 percent treed in 2008, with
74 percent of them >90 percent treed in 2015
(fig. 7.3), according to the FNF treed layer.
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Figure 7.1—Kappa statistic (TCC versus FNF) for each
Level 3 Ecoregion plotted against the canopy cover
threshold, grouped into western U.S. ecoregions and eastern
U.S. ecoregions. Boxplots approximate the distribution

of the kappa values within each category, showing the
median kappa as the horizontal line, bracketed by the first
and third quantiles as the extent of the boxes. Outliers are
outside 1.5 times the range indicated by the box height.
This illustrates that (1) the best performing TCC threshold
is higher for eastern ecoregions compared to western
ecoregions; and (2) western ecoregions overall show a
poorer fit of TCC with FNF.
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Figure 7.2—Kappa statistic (TCC at 30-percent threshold versus
FNF) for each Level 3 Ecoregion plotted against the mean annual
precipitation class (MAPclass) of the ecoregion. Boxplots approximate
the distribution of the kappa values within each category, showing
the median kappa as the horizontal line, bracketed by the first

and third quantiles as the extent of the boxes. Outliers are outside
1.5 times the range indicated by the box height. This illustrates

TCC forested cover compares better to FNF forested cover in wetter
ecoregions than in drier ecoregions. Therefore, caution should be
used when using TCC to delineate forested cover in dry forests.
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Figure 7.3—Histogram of (A) 2008 and (B) 2015 IDS polygon treed
proportion (according to FNF) only including polygons >50 acres.

Within 480-m superpixels inside IDS polygons,
the largest discrepancies in treed area between
different layers occurred in drier Level 1
Ecoregions, i.e., Great Plains, Mediterranean
California, North American Deserts, and
Temperate Sierras (fig. 7.4). Averaged across
Level 1 Ecoregions, NLCD TCC was always the
lowest out of all measures. NLCD10 consistently
resulted in the highest mean treed cover in the
IDS superpixels, although in many ecoregions
it was similar to measures from NLCD20

and NLCD30.

In 2015, about 2 percent of the total area
contained within IDS polygons was (arbitrarily)

considered highly sensitive to the placement
of the NLCD TCC threshold; that is, there was
a >30-percent difference between treed cover
estimates within IDS polygons moving from
NLCD10 to NLCD30. In other words, in 98
percent of the area covered by damage polygons
in 2015, the calculated treed acres did not vary
much depending on what TCC threshold was
used: 10, 20, or 30 percent. The remaining
polygons that were sensitive to TCC threshold
tended to be concentrated in the Western
United States (Intermountain West and Inland
Northwest) (fig. 7.5).
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Figure 7.4—Mean treed area by Level 1 Ecoregion within
480-m superpixels centered inside large, round 2015 IDS
polygons using five different treed cover or canopy cover
layers: FNF (FHAAST native); NLCD 2011 with a 10-, 20-,
and 30-percent canopy cover threshold; and NLCD TCC.
Error bars represent +/- standard error.
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Consistency of Treed Area with
Aerial Survey Assessment

Aerial survey experts noted a few challenges
with assessing treed cover. First, observer 2
noted that determining a percent treed cover
is not consciously done when conducting an
aerial survey. Both of the observers noted that
the assessment of severity is done very quickly
concurrently with other assessments of host,
agent, and size of area.

Aerial surveyors’ assessment of treed area in
NAIP imagery was overall closest to the NLCD30

threshold versus NLCD10 or NLCD20 (table 7.2).

Agreement was similar among 30-, 60-, and
90-m resolution, with slightly worse agreement
at larger spatial resolution; only the NLCD10
aggregated to 60-m resolution had lower RMSE
than its 30-m counterpart (19.4 percent and
21.1 percent for observer 1’s and observer 2’s
assessments, respectively). Error was higher for

polygons in the Western United States compared
to the Eastern United States (table 7.2). The
two different experts had similar RMSE with
each other, suggesting consistency among aerial
surveyors from different regions, although it

is difficult to conclude this based on only two
surveyors. The exercise revealed two key issues
with determining canopy cover using NLCD
(fig. 7.6). First, aerial surveyors are trained to
read areas containing standing dead trees as
“treed,” whereas NLCD would classify them as
low canopy cover due to its reliance on spectral
data and lack of live canopy in those areas.
Second, in NLCD, sparse forests and woodlands
may register as low canopy cover, making these
places particularly sensitive to the placement

of the canopy cover threshold for NLCD data.
Expert assessment revealed that there may be
large differences between different surveyors’
treatment of a sparse woodland as treed or
untreed when making a damage rating.

Table 7.2—Root mean squared error (RMSE) between treed cover estimates from expert
assessment and from canopy cover layers derived from NLCD for 480-m superpixels randomly
selected from large, round polygons located west of the Great Plains (“West") and east of the
Great Plains (“East”) in 2008 and 2015

NLCD104 NLCD20% NLCD30°
Expert West East All West East All West East All
--------------------------------------- percent treed COVer ---------===-=mmmmm o
Observer 1 21.6 13.9 19.7 20.6 9.3 18.1 17.8 9.1 15.8
Observer2 22.4 18.5 21.6 20.5 1.5 18.9 171 4.9 15.4

d@NLCD TCC-derived treed area using a 10-percent TCC threshold.
bNLCD TCC-derived treed area using a 20-percent TCC threshold.
°NLCD TCC-derived treed area using a 30-percent TCC threshold.
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NLCD10: 78%
NLCD20: 50%
NLCD30: 45%

FNF: 98%

01: 95%
02: 95%

NLCD10: 71%
NLCD20: 41%
NLCD30: 30%

FNF: 80%

01: 65%
02: 40%

Figure 7.6—NAIP imagery from selected
480-m superpixels randomly sampled from
large, round IDS polygons in 2008 and 2015
and different estimates of the percentage of
treed area within the superpixel. (A) An
area containing standing dead trees from

a wildfire, which are read as “untreed” by
NLCD. (B) An area where complex terrain
results in spatial heterogeneity of forest
density and widely varying assessments

of treed cover depending on canopy cover
threshold and expert. The red text indicates
the layer that came closest to the expert
assessment of treed cover. NLCDI10 = treed
cover from NLCD using a 10-percent canopy
cover threshold; NLCD20 = treed cover
from NLCD using a 20-percent canopy
cover threshold; NLCD30 = treed cover from
NLCD using a 30-percent canopy cover
threshold; FNF = FHAAST native treed
layer (Ellenwood and others 2015); O1 =
observer 1's visual assessment from NAIP
imagery; O2 = observer 2's visual assessment
from NAIP imagery.



DISCUSSION

A key calculation needed for inclusion
in the DMSM Desktop and Reporting Tools
is adjustment for untreed area included in
polygons or grid cells reported by surveyors.
To accomplish this in a GIS setting, a raster
denoting treed versus untreed area could be
used in post-survey processing. For example,
the user could view the intersection of IDS
feature classes (polygons or grid cells) with
treed cover and perhaps aerial imagery, such as
NAIP, giving the surveyor the option to calculate
treed acres for each feature. An important
requirement for the continued use of a treed
layer by FHAAST is that the layer is updated
frequently to remain representative of conditions
during the survey. Since 2002, FHAAST has
developed the FNF treed cover layer at 30-m and
240-m resolutions. However, the latest vintage
of the FNF layer represents 2011 conditions,
considered outdated during the writing of this
report. Thus, there is a need for a new, updated
treed cover layer available for use with IDS
data. Our analysis found that the NLCD TCC
can be a feasible option to use for adjusting IDS
polygons to represent only treed area for use in
IDS summaries, but with caveats. Due to overall
lower percent canopy cover in arid, western
forests compared to eastern forests, using the
unadjusted raw NLCD TCC product to determine
canopy cover may underestimate western U.S.
forest damage compared to the Eastern United
States. Instead, NLCD TCC should be converted

to a binary treed/untreed layer based on a
canopy cover threshold, similar to FHAAST's ca.
2011 FNF layer.

The results from this analysis could be useful
to inform decisionmaking that uses NLCD TCC
thresholds to define a treed/untreed mask
for the area of interest (AOI). Considering
variability in forest cover across the AOI may
aid in selecting a NLCD TCC threshold for
delineating treed area. For example, if one
decides to use NLCD30 to define “treed area,”
then it is important to recognize that such a
threshold will cut off a larger proportion of the
tails of the distributions in more arid ecosystems
than in others. Our results suggest that there
can be greater inaccuracies in assigning treed
cover to IDS data in the Western United States
than in the Eastern United States, where
sparser forests and woodlands may cloud the
distinction between calling something “treed”
versus “untreed.” At the national scale, when
errors in these large polygons are considered
in the context of all IDS data for a given year,
the overall error is low. This is because most
polygons drawn in any given year are small and
specific enough to contain mostly treed area,
and the problem is largely restricted to certain
regions, like arid, sparse forests. Ultimately,
the decision of what NLCD TCC threshold
to use might be a choice between under- or
over-estimation of acres of damage in western
forests compared to eastern forests. Differences
in survey intensity and accuracy between
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western and eastern regions may play a factor
in this decision; for example, it is arguably more
challenging to accurately map tree damage in
many eastern areas compared to western, so it
may make sense to err on the side of an eastern-
appropriate threshold than western.

To decide what TCC threshold to use for
delineating forested area within the polygons,
one consideration could be that whatever
threshold is used should have results that
are consistent with how the aerial surveyor
assesses forested area when deciding what the
mortality severity is. According to the experts
we contacted, this is difficult to quantify,
because aerial surveyors work quickly and
subconsciously when making a judgment about
how much of the forest is impacted. What is
deemed “untreed” may differ by surveyor and
region. Despite this, the two aerial surveyors
with whom we worked on this analysis had
assessments of treed area from aerial imagery
that were very similar to each other, with the
exception of areas that were very sparsely
wooded. The NLCD TCC threshold that
compared best to aerial surveyors’ assessments
was 30 percent, although the accuracy did not
decrease very much for 20- or 10-percent TCC
thresholds. Accuracy was noticeably higher
for polygons located in the Eastern United
States compared to the Western United States
(table 7.2).

In this work, we only considered the use of
NLCD TCC layer to distinguish treed cover. It
may be worthwhile to seek out and test other
products given some other key limitations

of TCC. For example, NLCD uses different
methodologies for its 2006, 2011, 2016, and
planned 2021 products. This would make it
difficult to compare measured “acres of” damage
across consecutive years that overlap with

these transitions from one product to the next.
Another major issue with using NLCD as a

treed layer for our purposes is that any spectral-
derived layer of forested cover will have large
errors in burned areas. Aerial surveyors consider
standing dead trees as “treed,” whereas the

lack of vegetation would result in a reflectance-
derived layer (like TCC) to call burned areas
“untreed.” This could be overcome by using a
burned area layer to correct for these areas, such
as Monitoring Trends in Burn Severity (MTBS),
the newer U.S. Geological Survey Burned Area
product (Hawbaker and others 2017), or the
forest cover layer updated annually by Hansen
and others (2013).

In cases where forests are fairly continuous
or where damage is concentrated and easily
contained within a general polygon shape or
grid cell, use of a treed layer may not provide
much advantage. However, many regions,
especially those in the Eastern United States,
are characterized by non-continuous forest due
to farms, meadows, and urban infrastructure
on the landscape. With the change in how
mortality severity is recorded in DMSM
compared to DASM, it is important to consider
how uncertainty inherent in using mortality
classes (rather than trees per acre) compares to
uncertainty added by the use of a treed layer
that may under- or over-estimate treed area in



a given feature class. As an example, consider
an aerial surveyor who makes an assessment of
a 1920-m grid cell in an urban area as having
Light (4-10 percent) mortality severity due to
emerald ash borer (Agrilus planipennis) (fig. 7.7,
grid cell A). To adjust the grid cell acreage to
“acres of” damage, one approach would be to
multiply the midpoint of the mortality range

(7 percent) by the size of the grid cell (911
acres) = 64 acres of damage. However, the

grid cell includes farmland and roads and thus
only 80 percent of the cell is treed. Applying
this treed area adjustment would result in 64
acres x 0.80 = 51 acres of damage. This is the
same “acres of” damage value as we would get
with NO treed area correction and estimating 6
percent mortality instead of 7 percent mortality,
still falling within the Light mortality severity
category. In contrast, grid cell B in figure 7.7

is only 25 percent treed and was also assessed

Figure 7.7—IDS data from 2015 showing 1920-m grid cells used to map emerald ash borer mortality in Michigan.
Grid cell A has higher tree cover than grid cell B, and both cells were mapped at the same mortality severity (Light).
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as having Light (4-10 percent) emerald ash
borer mortality severity. Again, multiplying the
mortality midpoint times the grid cell acreage
results in 64 acres of mortality. Further adjusting
this to only consider treed area results in 16
acres of damage. This same acreage of damage

is equivalent to about 2 percent mortality if

we do not account for untreed area, which
would be considered Very Light mortality
severity. Therefore, considering treed versus
untreed area can make a difference in damage
assessments when treed area is relatively low.
This demonstrates the utility of using grid cells
along with treed area for improving estimates

of “acres of” damage, especially in areas with
farms and urban development mixed in with
forest which may not be feasible to distinguish by
drawing polygons.

In our analysis, we found that NLCD30 agreed
more often than NLCD10 or NLCD20 with aerial
surveyors’ assessments of treed cover contained
within large, round IDS polygons. However, the
uncertainty (RMSE) was not very different across
the thresholds (a range of 15- to 22-percent
error). Based on our analyses, national-scale IDS
summaries on widespread pests may be largely
insensitive to differences in treed cover layers

that may be used to adjust polygons or grid cells
for “acres of” damage. However, for analyses at
scales smaller than the continental United States
and for restricted-range pests and diseases, this
error could be substantial depending on the
region and pest of interest. The error associated
with using one canopy cover threshold over
another for a treed layer will often be smaller
than the uncertainty inherent in the damage
severity classes, although lower damage severity
classes, with narrower ranges of error than
moderate or high severity, could be most affected
by error in tree canopy cover threshold. A bigger
concern might be the possibility for large errors
in treed cover in burned areas where standing
dead trees remain, because NLCD will have
much lower treed area than aerial surveyors
would consider when assigning a mortality
severity class. In such cases, using data derived
locally that are more accurate than national
products such as NLCD TCC would be desirable.
Ultimately, the need for adjusting IDS polygons
for treed area to improve “acres of” damage
estimates must be decided on a case-by-case
basis, depending on the region of interest, the
goals of the summary, and the damage severity
categories that have been mapped.



Overall conclusions:

e The use of severity classes in DMSM allows
for an initial estimate of “acres of” damage
by multiplying polygon or grid “acres with”
damage by the midpoint of the assigned
mortality class.

e Further adjustments for treed cover will
have a lesser impact on “acres of” damage
but may be necessary for large, general
polygons and grid cells. A binary treed
cover layer derived from the NLCD TCC
product can feasibly delineate treed area
inside IDS polygons and grid cells with a
threshold of 20- or 30-percent TCC. Key
uncertainties lie with delineating treed area
in western, arid forests and where wildfires
recently burned, and with using NLCD from
different years (e.g., 2006 and 2011) due to
changing methodologies.

e Crosswalking legacy measures of damage
severity with DMSM will be challenging.
Further analysis and testing are recommended
to determine the appropriate methodology
for representing cumulative “acre of” damage
in an outbreak that spans both DASM
and DMSM.
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ach year the Forest Health Monitoring

(FHM) program funds a variety of Evaluation

Monitoring (EM) projects, which are
“designed to determine the extent, severity, and
causes of undesirable changes in forest health
identified through Detection Monitoring (DM)
and other means” (FHM 2015). In addition, EM
projects can produce information about forest
health improvements. Evaluation Monitoring
projects are submitted, reviewed, and selected
through an established process. More detailed
information about how EM projects are
selected, the most recent call letter, lists of EM
projects awarded by year, and EM project poster
presentations can all be found on the FHM
Web site: www.fs.fed.us/foresthealth/fhm.

Beginning in 2008, each FHM national report
contains summaries of recently completed EM
projects. Each summary provides an overview
of the project and results, citations for products
and other relevant information, and a contact
for questions or further information. The
summaries provide an introduction to the
kinds of monitoring projects supported by FHM
and include enough information for readers
to pursue specific interests. Three project

summaries are included in this report.
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INTRODUCTION

his project seeks to understand the causes

of a dramatic decline of bishop pine (Pinus

muricata) stands on the northern California
coast in Mendocino and Sonoma Counties. The
northern bishop pine forest is designated by
the State of California as a sensitive vegetation
type with a global rank of G2 (endangered)
and a State rank of S2.2 (threatened) (Sawyer
and others 2009). Stand decline and high
mortality levels have been reported, especially
in mid- to northern Mendocino County, since
the early to mid-2000s; a drive along U.S.
Highway 1 through these two counties or
even a cursory examination of Google Earth
imagery confirms the severity of the problem.
Coupled with reported declines of bishop pine
in the southern part of its California range,
this northern decline may imperil the future
not only of the species, but also of the unusual
forest ecosystems it supports and the people
who depend on them.! However, this decline is
not yet represented in the scientific literature,
nor does it show up in aerial survey records
or Forest Inventory and Analysis (FIA) plots
because of its coastal position. Our project
proposed to remedy this need by collecting a

L For example, in 2010, tourism—much of which is focused
along the coast where bishop pine grows—accounted for
38.8 percent of total local taxes generated in Mendocino
County as well as >$300 million in total local spending

and >$6 million in transient occupancy taxes (County of
Mendocino 2010); additionally, the Kashia Band of Pomo
Indians attach enormous cultural importance to forest lands,
including bishop pine stands, along the coast (Moore 2017).

set of systematic observations throughout the
range of the decline. We investigated the decline
using a twofold approach: (1) the application of
dendroecological methods to a subset of trees in
several stands to determine stand age structure,
growth, and regeneration trends within the past
century; and (2) an inventory of pest (pathogen
and insect) problems present in these stands to
gauge their prevalence and identify any that
appear to be primary causes of the decline.

METHODS

Locations containing both healthy and
declining stands were selected in 2015. Locations
(fig. 8.1) included a northern cluster of sites
near the towns of Fort Bragg and Mendocino
(MCK, RG, HQ, and WS) and a southern cluster
south of the town of Gualala (SR, FMC, SAIT,
and SPP). WS and SPP were pygmy/oligotrophic
forest sites, while the others comprised
stands with full-sized, mature bishop pines as
dominants or codominants. Some soils were
also collected from a limited number of sites
with 100 percent bishop pine mortality. At each
site with living pines remaining, one to three
0.1-ha plots were established. In each plot, each
standing stem of any species >5 cm diameter was
inventoried. Heights of selected living bishop
pines were recorded using a laser rangefinder.
Percent crown density (relative to 100 percent
density, in which all visible space within the
crown is occupied by living foliage) and percent
branch dieback within the crown were recorded
for each bishop pine. All observable insect pests
and pathogens were recorded on plot bishop
pines, and dwarf mistletoe and western gall
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Figure 8.1—Study site locations.

rust incidence within the crown were recorded
on a 0 (no infection) to 6 (greatest infection)
scale, following the rating system presented in
Hawksworth (1977). Some pest identifications
required sampling of infected tree tissues
followed by surface sterilization in 10-percent
sodium hypochlorite (NaOCl ) solution and
plating on half-strength potato dextrose agar
amended with 1 mL/L 85-percent lactic acid
solution (Wick 2013); resulting cultures were

sent to the California Department of Food and
Agriculture (CDFA), Sacramento, CA, for DNA
extraction, polymerase chain reaction (PCR)-
based genomic amplification, sequencing of

the amplicon, and identification based on
homology of the amplicon to ones curated on
the general biological database GenBank or the
Phytophthora-specific databases Phytophthora-1D
(http://phytophthora-id.org) and Phytophthora
Database (http://phytophthoradb.org) (Martin
and others 2012). On each plot, 8-12 living and
dead bishop pines were cored (two orthogonal
cores taken for each pine). Cores were dried and
sanded to reveal growth ring fine features and
the rings measured at Utah State University. Soils
were characterized at each site by digging soil
pits to 100-cm depth, collecting samples from
each clearly discernible horizon, and recording
a complete suite of physical characteristics for
each horizon, including but not limited to pH,
texture, coarse and fine root presence, color,
and presence of redox features. Mineral soil was
collected from the upper 10 cm of the profile

at least twice from each plot in fall and spring
to bait for oomycete pathogens. The baiting
procedure involved flooding approximately 300
g of soil with distilled water, adding whole pears
to the top of the flooded soil as well as floating
Port Orford-cedar leaflets on the water, and
plating the leaflets or lesioned portions of the
pears on PARPNH-V8 agar, a growth medium
selective for Phytophthora species (Bernhardt
and Swiecki 2015, Schmitthenner and Bhat
1994). Resulting cultures of oomycetes were
sent to the CDFA lab for PCR, sequencing,

and identification.


http://phytophthoradb.org
http://phytophthora-id.org

RESULTS
Tree Statistics

Patterns of dieback varied from dramatic
mortality of entire patches to more diffuse and
gradual crown dieback within stands (fig. 8.2).
Mean diameter at breast height (d.b.h.) for
all trees on plots ranged from 19.7-56.7 cm,
whereas mean d.b.h. for bishop pines alone was
generally larger (range: 21.8-76.6 cm). Stem
densities for all trees varied from 210 stems/
ha (at WS10) to 890 stems/ha (at MCK); stem
densities for bishop pines alone varied from 120
stems/ha (at RG5) to 510 stems/ha (at SALT2).
Basal area of all trees ranged from 8 m?/ha
(at WS10) to 113 m?/ha (at HQ); basal area of
bishop pines alone ranged from 5.2 m?/ha (at
WS9) to 90.1 m?/ha (at HQ). Although mean
crown density for bishop pines varied little
among sites, it was relatively low at all sites,
with most sites averaging 55- to 75-percent
density (fig. 8.3). Bishop pine branch dieback
within the crown was significantly lower at sites
with some of the greatest mean crown density
(HQ and RG) than at other sites (fig. 8.3). Basal
area increment (BAI) began to decline across
all sites beginning mid-1990s according to our
bishop pine tree core data (fig. 8.4; minimum
mean BAI 8 cmz/year; maximum mean BAI
23 cm?/year). Of the trees cored, 20 percent
established between 1850-1930, 66 percent
established between 1935-1960, and 14 percent
established since 1960 (fig. 8.5).

Figure 8.2—Bishop pine decline in northern Sonoma County. (A) Wide-scale, synchronous
mortality; (B) gradual decline in crown conditions. (Photos by Christopher Lee, California
Department of Forestry and Fire Protection)
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Figure 8. 3—Bishop pine crown health metrics (mean percent
crown density and mean percent crown dieback) across study
sites with multiple plots containing Bishop pine.
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Figure 8.4—Basal area increment (BAI) averaged
across all cored bishop pines at all study sites.
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Pest Incidence

A large number of pests were observed
on study pines; a list is given in table 8.1.
Western gall rust incidence was locally heavy
but averaged 1.2 on a 0-6 scale over all sites.
Coastal dwarf mistletoe (Arceuthobium littorum)
was severe only at the WS (pygmy forest) site
(mean score 4.29 on a 0-6 scale), although it
was present at several other sites (mean score
<1). Some pests were observed at only one
or a few locations (e.g., P. cambivora, the bark
beetles); others were much more widespread
(e.g., western gall rust, schweinitzii and
tomentosus root rots, and stem decays). In

general, widespread fungal activity was observed
in this moist coastal ecosystem, both within
woody substrates and in the prevalence of
pathogenic fungi that disperse as spores in the air
(e.g., Diplodia scrobiculata, Fusarium circinatum).

At the southern sites, branch infections caused
by F circinatum have increased in number and
prominence every year for the past few years,
and symptomatic trees appear farther north
along the roadside every year. Both D. scrobiculata
and another Fusarium species (one closely
related to F avenaceum) have also been isolated
from dead and dying seedling- and sapling-

sized Monterey pines (P. radiata) in Sonoma,
Mendocino, and Humboldt Counties.

Table 8.1—Pests observed on bishop pine, arranged by plant part affected

Pest (scientific name)

Disease caused (common name)

Armillaria spp. Armillaria root disease
Phaeolus schweinitzii Schweinitzii root disease
Onnia sp. Tomentosus root disease

Phytophthora cinnamomi
Elongisporangium (= Pythium) undulatum

Pythium spp.

Phytophthora dieback
None
None

Plant part affected Relative damage and extent

Large (structural) roots
Large (structural) roots
Large (structural) roots

Moderately severe/wide extent
Moderately severe/wide extent
Moderately severe/wide extent

Fine roots Severe/restricted extent
Fine roots Severe/restricted extent
Fine roots Mild/wide extent

Phytophthora cambivora
Fusarium circinatum
Phomopsis/Diaporthe spp.
Diplodia scrobiculata
Arceuthobium littorum
Endocronartium harknessii
Dendroctonus valens

Ips plastographus
Pseudips mexicanus
Hylastes spp.

Porodaedalia (= Phellinus) pini

Phytophthora dieback
Pine pitch canker
Phomopsis canker
Diplodia blight

Coastal dwarf mistletoe
Western gall rust

Red turpentine beetle
Coastal pine engraver
Monterey pine Ips
Bark beetle

White pocket/heart rot

Fine roots and root crown
Branches and stem
Branches and stem
Branches and stem
Branches and stem
Branches and stem
Lower stem

Stem

Stem

Stem

Stem

Moderately severe/restricted extent
Severe/restricted but increasing extent
Mild (tree), severe (seedling)/wide extent
Mild (tree), severe (seedling)/wide extent
Severe/restricted extent (mostly pygmy forest)
Severe/wide extent

Mild/restricted extent

Moderately severe/restricted extent
Moderately severe/restricted extent
Moderately severe/restricted extent
Moderately severe/wide extent
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Soils

Soils data are still under analysis, but field
observations revealed large variations in soil
physical characteristics from site to site, even in
similar physiographic situations located within
short distances from each other. Observations
made so far have comprised gleyed soils, largely
undeveloped sands, well-developed alfisols,
and highly weathered, acidic spodosols. Water
tables at several locations (e.g.,, MCK, FMC) are
located high in the soil profile, and at FMC a
blowdown event occurred at the edge of one plot
in winter 2017-2018 involving large numbers of
mature pines and revealing extensive Armillaria
occurrence on the root systems.

DISCUSSION AND CONCLUSIONS

Our investigation confirms an ongoing,
pervasive tree species decline in this part of the
range of bishop pine. The decline fits a classic
pattern involving many potential causal factors
and varying rates and manifestations of decline
at various sites. What distinguishes this decline
from many others and gives it added urgency,
however, is the already restricted range of the
affected species. Although common patterns are
hard to discern in the data from this project at
this stage, the plots established and information
gathered so far provide a solid foundation for
further observation and the development of
more focused research questions concerning
specific mechanisms of decline. The literature
of tree declines around the world shows the
formidable range of possible causes of decline,
but several of the most common can be ruled out

in this isolated and relatively undisturbed part of
the California coast, including air pollution (e.g.,
LeFohn and others 1997), overbrowsing (e.g.,
Diaci and others 2011), and excessively acidic
soils (e.g., Park and others 2008). Increased
mortality of this species in the southern part of
its range (the Channel Islands) has been well
documented (Baguskas and others 2014), with
investigations of the cause centering on water
stress, possibly caused by reductions in winter
rainfall, summer fog delivery, or both; the
importance of summer fog to tree maintenance
and growth has been extensively covered by
these research projects (e.g., Carbone and others
2013, Fischer and others 2016, Williams and
others 2008). Johnstone and Dawson (2010)
documented a moderate decrease in summer
fog along the California coast during the last
half of the 20th century, and Abatzoglou and
others (2014) tracked a trend of warming winter
temperatures throughout the Pacific Northwest.
Both trends could potentially increase tree stress,
directly decrease tree growth, and contribute to
increased forest pest growth and activity.

In the northern part of bishop pine’s range,
the most common anecdotal explanation for the
decline proposes the following chain of causes:
(1) this pine has a short lifespan; (2) the pine
depends on wildfire for successful regeneration,
and wildfires have been absent along this part of
the coast for many decades because of successful
fire suppression efforts; (3) thus, the currently
observed decline consists of an inevitable
descent down a demographic curve coupled
with no population replenishment (Giusti 2011).



However, our data, along with emerging
understanding of plant aging, complicate this
explanation in several ways:

1. No clear pattern of decline emerges from
the data at this point in time. At some
locations, bishop pine mortality is total
or nearly so (e.g., the single plot at MCK,
not included in fig. 8.3) or occurs in
large patches or “centers,” while at other
locations the decline manifests primarily as
a more uniform and more progressive loss
of crown vitality (e.g., FMC). We initially
expected stands at the southern end of
our study region to constitute healthy
“reference” stands. However, while we saw
less mortality of entire patches of trees in
the south, we observed levels of crown
decline comparable to those of still-living
trees in the north. Patterns in the pygmy
forest/oligotrophic soils locations differ
from more mature coastal stands, with
the former sites displaying far more pest-
related issues, especially very obvious coastal
dwarf mistletoe infestations; paradoxically,
however, pygmy forest sites have more
regeneration than sites with large-
stature pines.

2. Our systematic survey revealed that, in
several locations, pine decline involves not
only bishop pine, but Monterey pine and
shore pine (P. contorta ssp. contorta) as well.

3. There is an emerging understanding within
the field of plant physiological ecology
that most perennial plants, and among

them especially trees, have no genetically
programmed lifespans. Rather, aging in most
of these perennial plants depends on some
interplay between environmental stresses
and plant physiological/metabolic processes
and rates, although this interplay may
produce relatively predictable demographic
senescence curves for individual plant
species (Lee and Muzika 2014).

Although lack of regeneration is clearly a
major problem for bishop pine management
throughout the range of this decline,
unambiguous evidence that this is an age-related
decline (i.e., cohort senescence sensu Mueller-
Dombois 1987) is so far lacking. Within our
dataset, some sites with very large, presumably
old pines (e.g., HQ) displayed some of the
densest crowns and least branch dieback, while
conversely, other nearby sites (e.g., RG) also had
large, old trees but much higher levels of crown
transparency and branch dieback, and much
greater mortality levels. Only two-thirds of the
trees could be considered even-aged, having
established within a 25-year time frame in the
mid-20th century, whereas growth decline
beginning in the 1990s was apparent across the
dataset as a whole (fig. 8.4).

Our dataset so far supports the hypothesis
that various stress factors are converging on
bishop pine stands at unequal rates and with
unequal effects throughout the range of the
decline. Future work could concentrate on
isolating some of these stress factors, which
likely include the following:

151



Chapter 8

152

Western gall rust and stem decay pathogens
(and, at the pygmy forest sites, coastal dwarf
mistletoes) that progressively break down
tree crowns and that, in the absence of fire,
rain down inoculum upon any regeneration
that does exist beneath the forest canopy,
leading to premature death. These pathogens
likely thrive in the extended coastal wet
climate, and periodic fire previously
produced more heterogeneous stand
structure and reduced pathogen inoculum
within the stands.

A diverse set of exotic pathogens that

are encroaching on bishop pine stands

from various directions: P. cinnamomi and

F circinatum (pine pitch canker) in the
south, P. cambivora in the north, and several
of unclear provenance as well as unclear
pathogenicity. We know little about the
pathogenicity or spread of such pathogens
as Elongisporangium undulatum and

D. scrobiculata (Diplodia blight). Bark beetles
may also be vectoring exotic vascular wilts
such as Leptographium wingfieldii (blue stain
fungus), which has been observed on bishop
pine in Humboldt County (along with

other, as-yet unidentified Ophiostomatoid
wilt fungi).

Increased tree susceptibility to both native
and nonnative pathogens and insects incited
by underlying shifts in water availability and
seasonal timing, solar radiation, nutrient
cycling, and/or fog-delivered water to
surface soils. Several residents have reported
fewer summertime foggy days than in
previous decades.

Future work has already commenced and
includes the following: (1) further analysis
and tabulation of study site soil physical
characteristics; (2) detailed mapping and
quantification of bishop pine decline throughout
coastal Sonoma and Mendocino Counties
using GIS techniques such as unsupervised and
supervised image classification; (3) continued
growth analysis using tree cores already collected
and some to be collected in the future; and
(4) addition of more plots to supply deficiencies
in the existing dataset, particularly the addition
of more healthy reference plots. Following this
work, individual research projects can begin to
investigate the roles of specific decline factors
in more detail, especially underlying shifts
in components of the coastal climate. Future
management projects proposed by California
State Parks (focused particularly on regenerating
young pines), provided they include an adaptive
management-oriented monitoring program,
should also shed more light on how to promote
healthier stands in the future.

For more information, contact: Chris Lee,
California Department of Forestry and Fire
Protection, christopher.lee@fire.ca.gov.
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INTRODUCTION
IVIyoporum thrips, (Klambothrips myopori)

was detected in California in 2005,

where it has caused high levels of
mortality in ornamental Myoporum species
used for landscaping residential and freeway
margins (Sullivan 2014). Before its detection
in California, this was an unknown species to
science and was subsequently formally described
by Mound and Morris (2007). It is now known
that this species is native to Tasmania.

Myoporum thrips feeds on terminal growth
of plants in the genus Myoporum. Feeding causes
gall-like symptoms in young leaves. Infested
new leaves normally harbor multiple life stages.
High infestations can cause terminal dieback that
can eventually lead to plant mortality (Bethke
and Shaw 2008). It was first detected in Hawaii
in March of 2009 attacking the native Myoporum
sandwicense, locally known as naio (Conant and
others 2009).

Locally known as naio thrips, the distribution
of myoporum thrips in Hawaii is currently
restricted to the Big Island (Hawai‘i Island).
The high mortality rates seen in California
provide cause for alarm for forest managers
and landscapers in Hawaii, where naio is
an appreciated native species that is often
used in ornamental plantings, holds cultural
significance to native Hawaiians, and is
an integral component of native Hawaiian
ecosystems. While naio is most dominant in
dry forests, lowlands, and upland shrublands,

the species also populates mesic and wet forest
habitats. Naio is distributed across all of the main
Hawaiian Islands and is present from sea level

to 3000 m (Wagner and others 1990). The loss
of this species would be both a significant loss of
native biodiversity and a structural loss to native
forest habitats.

In September of 2010, the Hawaii Department
of Land and Natural Resources (DLNR)
Division of Forestry and Wildlife (DOFAW) and
the University of Hawai‘i initiated efforts to
determine spatial distribution, infestation rates,
and overall tree health of naio populations
on the Big Island. This report summarizes
information of a 4-year monitoring period at
nine sites. The main objective of the project was
to document myoporum thrips infestation and
dieback rates on the native M. sandwicense at
these selected sites.

METHODS
Monitoring Sites on Hawai’i Island

Nine monitoring sites were established on the
Big Island in November of 2010 (fig. 9.1). All
these sites were protected natural habitats.

Sites spanned an elevational gradient
and included an array of habitats: Kaloko-
Honokohau (2 m), Oweowe (589 m), Pelekane
(792 m), Koai‘a Sanctuary (975 m), Pu‘u
Wa‘awa‘a Low (975 m), Pu‘u Wa‘awa‘a Mid
(1289 m), Pu‘u Wa‘awa‘a High (1603 m), Kaohe
Low (1778 m), and Kaohe High (2128 m).
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Figure 9.1—Monitoring sites on Hawai'i Island.
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Monitoring Infestation and Dieback Levels RESULTS

Selected sites were visited at monthly intervals Results show that myoporum thrips has
for a 3-year period. During the fourth year, sites spread and colonized natural habitats on the
were monitored every 3—4 months. At each leeward side of Hawai‘i Island. Infestation
visit, 20 young shoots per plant were randomly rates increased considerably at all sites over
chosen and inspected to determine infestation the duration of the sampling period. Trees
and dieback levels. A total of 10 plants were experiencing high infestation levels also showed
inspected per site, whenever possible. A four- branch dieback. Sites that showed no to low
point scale (0-3) was used to assess the levels infestation levels at the start of the monitoring,

of infestation (fig. 9.2) and levels of dieback
(fig. 9.3).



Figure 9.2—Infestation scale: (A) 0 = no galls; (B) 1 = <33 percent tissue
galled; (C) 2 = 33—66 percent of tissue galled; (D) 3 = >66 percent of tissue
galled. (Photos by Leyla Kaufman, The Pacific Cooperative Studies Unit

(PCSU), University of Hawai'i)

such as Kaohe Low, suffered visibly high
infestation levels by the end of the monitoring
period (fig. 9.4).

Medium-elevation sites (between 500-999 m)
Oweowe and Koai‘a had the highest infestation
and dieback levels (figs. 9.4 and 9.5). Over 70
percent of the shoots inspected at medium-
elevation sites had the highest infestation and
dieback scores. At the medium-elevation Koai‘a
and Pelekane sites, over 70 percent of the
monitoring trees have died due to myoporum
thrips damage (fig. 9.6).

Figure 9.3—Dieback scale: (A) 0 = no dieback; (B) 1 = <33 percent tissue
with dieback; (C) 2 = 33—66 percent of tissue with dieback, (D) 3 = >66
percent of tissue with dieback. (Photos by Leyla Kaufman, The Pacific
Cooperative Studies Unit (PCSU), University of Hawai'i)

DISCUSSION

It was expected that trees that had high levels
of infestation and dieback would tend to have
reduced reproductive capacity; nevertheless,
highly infested trees may sometimes flower and
fruit vigorously. Probably this happens as a stress
response, to make sure seeds are produced and
left in the soil seed bank. Even though flowers
and fruits were still seen at all sites, little to no
plant recruitment was observed at these sites.

The invasive myoporum thrips is still confined
to the Big Island and has not yet been detected
on neighboring islands. It is expected that
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Figure 9.4—Naio thrips infestation levels by year (selected sites), on a 0-3 scale as described

under Methods.
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Figure 9.5—Plant dieback levels by year (selected sites), attributed to naio thrips.

Myoporum populations on neighboring islands
will be as susceptible to myoporum thrips as the
Big Island populations. During the monitoring
period, no potential biocontrol agents were
detected; this likely explains the successful
establishment and population increases of this
invasive species in Hawaii. It is possible that the
highest infestation and dieback levels observed
at medium-elevation sites might be due to early
colonization of thrips at those sites; however,
this has not been confirmed.

CONCLUSIONS

Myoporum thrips continues to threaten
the native Myoporum populations on Hawai‘i
Island, where levels of infestation and dieback
levels increased considerably throughout
the monitoring period. Tree mortality due to
thrips has been observed in medium-elevation
sites. Early detection and rapid response (e.g.,
pesticide applications) are currently the only
tools available for neighboring islands to prevent
colonization and establishment.
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INTRODUCTION

reat Basin bristlecone pine, Pinus longaeva
G(GBBP), is one of the longest-lived, non-

clonal organisms on Earth and is also one
of the most highly fragmented high-elevation
conifer species. Great basin bristlecone pine
ecosystems contain many biodiversity “hot
spots” with a high degree of species endemism.
Throughout the Great Basin, GBBP communities
are being threatened by changing disturbance
regimes, invasive species, and climate change.
The loss of GBBP can detrimentally impact
biodiversity and valuable resources including
wildlife habitat, watershed and soil protection,
aesthetics, and recreation (Gibson and
others 2008).

The impact of climate change may be
especially acute in sky islands of the Great
Basin as warming temperatures drive montane
and alpine ecosystems upslope and result in
overstory tree mortality at the lower margins
of tree distributions (Bower and others 2011).
Overstory tree mortality directly related to
warming may induce changes to the fire
regime of GBBP communities; however, little
is known about their fuel characteristics and
fire dynamics.

In this study, we compared the relationship
between forest structure and environmental
gradients to predict changes in surface and
canopy fuels of GBBP communities with
increasing temperatures. The results of this study
were published in Gray and Jenkins (2017).

Land managers can use this information to help
plan for transitions to new conditions expected
within future climatic gradients and altered fire
regimes (Millar and others 2007).

METHODS
Data Collection

In the Great Basin of Nevada and western
Utah, mountains and basins create steep
environmental gradients which greatly influence
the composition and structure of vegetative
communities (Peet 2000). We used U.S.
Department of Agriculture Forest Service Forest
Inventory and Analysis (FIA) program plots
(O’Connell and others 2015) that contained
GBBP tree species to obtain tree height, diameter
at breast height (d.b.h.), canopy base height
(c.b.h.), coarse woody debris counts (c.w.d.;
>7.6 cm diameter), fine woody debris counts
(f.w.d.; 0-7.6 cm diameter), and canopy fuels
measurements from stands that were distributed
at elevation bands below 3000 m, between 3000
and 3300 m, and above 3300 m. Temperature
regimes within these elevational bands reflect
those of predicted climatic gradients.

Due to the small number of suitable FIA
plots, we also quantified fuel loading of the
four major surface fuel components (litter, duff,
f.w.d., and c.w.d.) on a total of 76 plots located
within additional study sites. We collected
these data using Brown’s method (also called
the line-intersect or planar-intersect method)
(Brown 1974).
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To quantity the unique patchy and
discontinuous distribution of surface and aerial
fuels at high-elevation sites, we used tree-specific
fuels sampling following methods described in
Jenkins (2011). In brief, fuels are measured
within the fuel zone (fuels lying within the drip
line of a tree) of select trees along the planar
transects extending from the tree bole in the four
cardinal directions (N, S, E, and W) and within
the non-pine fuel matrix (the area between
adjacent trees). We only collected litter and duff
data from under trees near treeline after initial
sampling indicated that these classes comprised
the majority of fuels.

We next assessed the relative degree of fuels
continuity by utilizing Landsat satellite images.
The August 24, 2012 Landsat 7 Enhanced
Thematic Mapper Plus (ETM+) image was
chosen because it was the cloud-free image
closest to the dates of field sampling. The spectral
indices Normalized Difference Vegetation Index
(NDVI), Brightness, and Greenness estimate both
fuels cover and continuity.

To assess live foliar moisture content (f.m.c.),
we collected needles from four randomly
selected GBBP trees at three different elevations
(low = 2640 m, mid = 2910 m, high = 3160
m) during the first week of July, August, and
September (n = 36). Approximately 20 g of
live needles from each sample were weighed to
the nearest 0.01 g and then oven-dried at 105
°C for 48 hours and reweighed to obtain a dry
weight (Matthews 2010). Samples were kept

frozen until processed. Foliar moisture content
was computed as the percentage of the oven-dry
weight to dry foliage weight.

Data Analyses

For comparing forest floor c.w.d. and f.w.d.
within elevational bands, transect counts were
converted to weight of fuel per unit area (kg/m?)
following Brown and others (1982). Litter and
duff weight per unit area (kg/m?) was estimated
from depth measurements by using the equation
developed for foxtail pine (P. balfouriana), a close
relative to GBBP (van Wagtendonk and others
1998). Regression coefficients via generalized
linear models (GLM) were developed relating
forest floor mass to elevation. To characterize
surface fuels dissimilarity along environmental
gradients, a non-metric multidimensional
scaling (NMDS) ordination based on a matrix of
Euclidean dissimilarities was calculated on f.w.d,
c.w.d., litter, and duff amounts. Non-metric
multidimensional scaling collapses information
from multiple dimensions to fewer dimensions,
so that data can be visualized and interpreted
(McCune and others 2002). Stand densities in
trees/ha were calculated for each plot using the
tree expansion factors (coefficient used to scale
each tree on a plot to a per-area basis) in the
FIA user manual (O’Connell and others 2015).
Regression coefficients were also calculated for
stand density (trees/ha) and height to live crown
for the same elevational gradients. Post hoc
mean comparisons using Tukey-Kramer tests
were used when a significant difference among
elevation class was identified in canopy fuels.



A GLM with a negative binomial link was
fit to the litter and duff measurements made in
the four cardinal directions under the sampled
individual trees. Generalized linear models are
mathematical extensions of linear models that
do not force data into unnatural scales, and
thereby allow for nonlinearity and non-constant
variance structures in the data (Hastie and
Tibshirani 1990). We used the negative binomial
distribution because data with many zero values
cause over-dispersion, or greater variability
than would be expected. The negative binomial
distribution generates realistic heterogeneity
representative of spatial clustering of individuals
and other small-scale processes (Bolker 2008).
All statistics were completed using R statistical
software (R Development Core Team 2015).

RESULTS AND DISCUSSION

Linear regression showed that all classes of
f.w.d. decreased with increasing elevation, and
only 1,000-hour fuels remained constant across
elevational transects. The NMDS ordination
supported the results of linear regression
analysis with all measurements of fuels except
c.w.d. being highly correlated with elevation
and slope. All crown fuels metrics varied by
elevation. Tree height, c.b.h., and crown length
decreased with increasing elevation, while
available crown fuel load and canopy bulk
density increased with elevation. Canopy base
height declined significantly with increasing
elevation (p <0.001, R? = 0.74). Foliar moisture
content was significantly less at the upper
elevation site (ANOVA with p <0.001), while

f.m.c. at the mid and low sites did not differ.
Foliar moisture content varied significantly by
month. September had the highest f.m.c. and
July the lowest with values likely influenced by
monsoonal precipitation events (Scalzitti and
others 2016).

The results from the Landsat indices of
vegetation cover reiterate the findings from
c.w.d. and f.w.d. sampling. As elevation
increased, NDVI and Greenness decreased,
indicating less vegetation and fuels available
to carry a surface fire. Conversely, Brightness
(a measure of exposed soil) increased with
increasing elevation indicating larger gaps
between trees, or a decrease in GBBP stand
density (trees/ha) and less continuous fuel cover.

Measurements of litter and duff in the four
cardinal directions directly beneath GBBP trees
showed higher litter and duff fuel loads near
the bole of the tree. While there might not be
sufficient fuels between individual trees to carry
a surface fire, nearly each individual tree had a
pocket of litter and duff directly beneath it.

Forest tree distribution data suggest an
upward movement of lower elevation species
with temperatures of 2—4 °C warmer than
historical averages (Scalzitti and others 2016).
We expect the structure, composition, and
fuel condition of future GBBP stands to more
closely approximate those that currently exist
in vegetation communities at mid and low
elevations. The accumulation of fuels in lower
elevation vegetation communities has proven to
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amplity the effects of fire in the high-elevation/
low fire return interval systems. More important
than fuel load is a reduction in the size of fuel
gaps that typically limit fire propagation. Our
research indicates that if climate warming
changes fuel conditions, then the frequency of
fire in GBBP systems at low and mid elevations
could increase where stands are denser and
surface fuel is greatest. Two of the recent large
fires in GBBP forests resulted from ignitions at
low elevations that spread up into pure GBBP
stands. Fire spread from ignitions at upper
elevations is unlikely to result in crown fires
since surface fuels are low and GBBP intercrown
distance is large. However, as elevation
increased, the branches of GBBP were closer to
the ground, which could facilitate the transition
of fire into the crown of the trees.

CONCLUSIONS

As climate change continues to impact high-
elevation forests, treeline species like GBBP
may be extremely important in maintaining
forest ecosystems. We characterized fuels within
elevational and latitudinal ranges of GBBP
communities and showed how alterations in
fuels and associated changes in fire behavior
may threaten high-elevation GBBP stands in the
future, particularly when coupled with climate
change and with very low GBBP regeneration in
the post-fire environment. Land managers can
use this information for planning and improving
practices used to sustain high-elevation
GBBP forests.
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The annual national report of the Forest Health Monitoring (FHM) program of
the Forest Service, U.S. Department of Agriculture, presents forest health status
and trends from a national or multi-State regional perspective using a variety

of sources, introduces new techniques for analyzing forest health data, and
summarizes results of recently completed Evaluation Monitoring projects funded
through the FHM national program. In this 18th edition in a series of annual
reports, national survey data are used to identify geographic patterns of insect and
disease activity. Satellite data are employed to detect geographic patterns of forest
fire occurrence. Recent drought and moisture surplus conditions are compared
across the conterminous United States. Data collected by the Forest Inventory
and Analysis (FIA) program are employed to detect regional differences in tree
mortality. Forest Inventory and Analysis data also were used to identify forest
types in the Eastern United States with relatively high or low rates of invasion

by invasive plants. Methods are explored for more accurately reporting insect

and disease damage across multiple regions and nationally using the new Digital
Mobile Sketch Mapper (DMSM) platform. National Land Cover Database (NLCD)
tree canopy cover data are applied to adjust Forest Health Protection (FHP) Insect
and Disease Survey data to better represent acres of forest damage. Three recently
completed Evaluation Monitoring projects are summarized, addressing forest
health concerns at smaller scales.

Keywords—Change detection, drought, fire, forest health, forest insects and
disease, invasive species, tree canopy, tree mortality.
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