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ABSTRACT

ii

T

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 20th edition
in a series of annual reports, national survey
data are used to identify recent 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. Nearly 20 years
of FIA coarse woody material (CWM) data
are examined across spatial scales to assess
change over time in CWM biomass, diameter
and decay class, and species composition. Case
studies demonstrate the potential of rFIA, an
open-source R package developed to improve
the accessibility of FIA data and offer enhanced
flexibility in estimation strategies, to advance
forest health evaluation and monitoring. Six
recently completed Evaluation Monitoring
projects are summarized, addressing forest
health concerns at smaller scales.
Keywords—Change detection, coarse woody
material, drought, fire, forest health, forest
insects and disease, tree canopy, tree mortality.
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Figure 1.2—Ecoregions, and ecoregion
subunits, for Hawaii, developed based on
moisture zones and elevation (see box 1.1).
Ecoregion subunits are shown in the same
color by ecoregion. See table 1.1 for the
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Figure 2.1—The extent of surveys for insect
and disease activity conducted in the
conterminous United States, Alaska, Hawaii,
and the U.S. Caribbean Island territories in
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conterminous United States. (Data source:
U.S. Department of Agriculture Forest
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Figure 2.2—The percentage of surveyed tree
canopy cover area with insect and disease
mortality, by ecoregion section within the

conterminous 48 States, for 2019. 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
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Geospatial Technology and Applications
Center using the 2011 National Land Cover
Database. (Data source: U.S. Department
of Agriculture Forest Service, Forest
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Figure 2.3—Hot spots of percentage of
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and disease mortality in 2019 for (A) the
conterminous 48 States and (B) for separate
Forest Health Monitoring (FHM) regions, by
hexagons containing >5-percent tree canopy
cover. Values are Getis-Ord Gi * scores, with
values >2 representing significant clustering
of high mortality occurrence densities
and values <-2 representing significant
clustering of low mortality occurrence
densities. The gray lines delineate ecoregion
sections (Cleland and others 2007), and blue
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cover is based on data from a cooperative
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Characteristics Consortium (Coulston
and others 2012) and the Forest Service
Geospatial Technology and Applications
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Database. (Data source: U.S. Department
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Figure 2.4—The percentage of surveyed tree
canopy cover area with insect and disease
defoliation, by ecoregion section within the
conterminous 48 States, for 2019. 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
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Geospatial Technology and Applications
Center using the 2011 National Land Cover
Database. (Data source: U.S. Department
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Geospatial Technology and Applications
Center using the 2011 National Land Cover
Database. (Data source: U.S. Department

of Agriculture Forest Service, Forest
Health Protection)  .  .  .  .  .  .  .  .  .  .  .  .  .  .  . 47
Figure 2.6—Percentage of 2019 surveyed
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ecoregions with mortality caused by insects
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the 2011 National Land Cover Database.
(Data source: U.S. Department of Agriculture
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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 2019 data. For datasets collected over
several years, analyses are presented at a
longer temporal scale. Finally, section 3 of this
report presents six 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 disease can have on forest health across
landscapes (ch. 2). National Insect and Disease
Survey data collected in 2019 by the Forest
Health Protection program of the Forest Service
and partners in State agencies identified 58
different mortality-causing agents and complexes
on 2.69 million ha and 64 defoliating agents
and complexes on approximately 1.42 million
ha in the conterminous United States. In the
Western States, fir engraver (Scolytus ventralis)
caused extensive mortality in California and
southwestern Oregon, resulting in several
geographic hot spots of mortality. Defoliation
was a widespread issue in the northern
Rockies, caused by western spruce budworm
(Choristoneura freemani), hemlock looper
(Lambdina fiscellaria), and Douglas-fir tussock
moth (Orgyia pseudotsugata). Meanwhile, emerald
ash borer (Agrilus planipennis) was a major
source of tree mortality across broad areas of
the Eastern States, generating a geographic hot
spot of extremely high mortality in the Midwest.
Several defoliators also caused extensive damage
in the East, including baldcypress leafroller
(Archips goyerana) in Louisiana and forest tent
caterpillar (Malacosoma disstria), gypsy moth
(Lymantria dispar dispar), spruce budworm
(C. fumiferana), and larch casebearer (Coleophora
laricella) in the Great Lakes States. In Alaska,
more defoliation than mortality was detected in
2019, with hemlock sawfly (Neodiprion tsugae),
birch leafminer (Fenusa pusilla), and aspen
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leafminer (Phyllocnistis populiella) the leading
defoliators and spruce beetle (Dendroctonus
rufipennis) by far the most widely detected
mortality agent. In Hawaii, surveyors identified
approximately 27 000 ha of mortality, some
which may have been caused by rapid
ʻōhiʻa death.
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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 at greatest risk of significant impact
and for the selection of locations for more
intensive analysis (ch. 3). In 2019, the number
of satellite-detected forest fire occurrences
recorded for the conterminous States was the
fewest since 2005 and 43 percent lower than
the mean for the previous 18 years. Only in a
few ecoregions, mostly in the Northeast, was
fire occurrence density higher than normal
compared to the previous 18-year mean and
accounting for variability over time. Meanwhile,
Alaska experienced a dramatic 3,740-percent
increase in fire occurrences from 2018 during
a year that had the third most fire occurrences
in 19 years of data collection and the most
since 2005. Forest fire occurrence density was
particularly high in east-central Alaska, while
several ecoregions in the State had much higher
fire occurrence density than normal. In Hawaii,
three ecoregions on the islands of Maui, Oʻahu,
and Kauaʻi had many more fire occurrences
than expected. Finally, in the U.S. Caribbean

islands, only Puerto Rico was outside the range
of near-normal fire occurrence density in
2019, having moderately more fire occurrences
than expected.
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 2019
and prior years to map drought conditions
and surplus moisture availability across the
conterminous United States at a fine scale
(ch. 4). Strikingly, much of the conterminous
United States experienced moisture surplus
conditions in 2019, the second-wettest year on
record nationally since 1895 and the wettest
for three Great Lakes States. There were areas
of mild to moderate drought scattered across
the Southeastern and Mid-Atlantic States and
very small clusters of severe to extreme drought
in southern Texas, southern Colorado, and
northwestern Washington. Analyses of longer
term (3-year and 5-year) conditions depict
disparity between the northern and southern
halves of the conterminous United States as well
as between the East and West. Only a handful
of areas of severe to extreme moisture surplus
existed in the Rocky Mountains and to the west,
while areas of moisture surplus were more
common than areas of drought to the east, with
contiguous areas of severe to extreme surplus
scattered across much of the Southeast.

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,
with areas of highest mortality occurring in
the mostly riparian forests of the Great Plains
States. The exception was high mortality
detected in parts of Michigan, Indiana, and Ohio
as a result of emerald ash borer infestation.
Preliminary analyses of FIA data from the
Western States indicated very high mortality
as a percentage of live volume in several West
Coast ecoregions, corresponding to locations of
insect outbreaks, wildfire, and severe drought.
These three mortality-causing agents are related
in that drought stresses trees, making them
more susceptible to insect attack, while both
drought and insect-killed trees create conditions
favorable for wildfires.
For decades, coarse woody material (CWM)
has been recognized as an important component
of forest ecosystems. In recognition of CWM’s
critical functions, the FIA program has been
conducting a nationwide inventory of CWM
since ca. 2000 as a component of its strategicscale forest inventory (ch. 6). As a means to
objectively evaluate CWM change across U.S.
forests within the context of expected global

change impacts, fundamental parameters of
CWM resources were examined across spatial
scales of inference ranging from inventory
survey units to the conterminous United States
using FIA’s multidecadal inventory (2002–2011
to 2012–2019). Overall, CWM biomass increased
across forests of the United States. However,
CWM biomass was increasingly represented by
larger-sized pieces of more advanced decay with
a species composition that is less dominated by
a few species. Overall, examinations of CWM
resource dynamics provide an insight into past
trajectories of forest development across large
scales with implications for carbon and nutrient
cycles, as well as better understanding of an
amenity of ecosystem services.
The extraordinary size of the spatial domain
and breadth of forest variables sampled by the
FIA program make it a unique and powerful
resource for determining the extent and severity
of undesirable changes in forest health across
large spatial domains in the United States. An
open-source R package named rFIA aims to
reduce data accessibility hurdles and unlock the
potential of FIA for broad-scale forest health
evaluation and monitoring (ch. 7). Three case
studies demonstrate aspects of rFIA’s potential to
advance forest health evaluation and monitoring
in the United States. One highlights rFIA’s
spatiotemporal estimation capacity by estimating
current down woody material (DWM) biomass
within watershed boundaries across the
conterminous United States. A second case study
illustrates how rFIA enhances the value of FIA
for temporal change detection by examining
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trends in lodgepole pine (Pinus contorta)
mortality in Colorado using multiple designbased estimators. Finally, rFIA estimates plotlevel live tree density and develops a Bayesian
hierarchical model to estimate changes in live
tree abundance within ecoregion subsections
across the conterminous United States.
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Finally, six 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):
• Evaluated the composition of natural
regeneration in red pine (P. resinosa) stands
impacted by Heterobasidion root disease in
Wisconsin and Michigan, to better understand
what species naturally regenerate in pine
plantations infested with the disease (ch. 8)
• Assessed ash mortality and the effects
of emerald ash borer in riparian forests
in Michigan by quantifying overstory
structure, regeneration, and coarse woody
debris in riparian forests bordering firstorder streams; sampling communities of
woodboring cerambycid beetles (Coleoptera:
Cerambycidae); and surveying overstory
vegetation, regeneration, and coarse woody
debris in riparian forests (ch. 9)
• Quantified mortality caused by mountain pine
beetle (D. ponderosae) in stands where Rocky
Mountain bristlecone pine (P. longaeva) and
limber pine (P. flexilis) co-occur, evaluated in

the field if mountain pine beetle is capable
of successful brood production in Rocky
Mountain bristlecone pine, and quantified
the timing and concentration of tree defenses
in the two pine species growing in the same
stands (ch. 10)
• Identified factors relating to conifer tree
mortality and monitored changes in
vegetation after mortality associated with
drought and concurrent bark beetle outbreaks
in California from 2012 to 2016, and
determined temporal changes in fuel loading
and hazard due to bark beetle- and droughtassociated tree mortality (ch. 11)
• Provided a rigorous assessment of Aerial
Detection Survey (ADS) and Ecosystem
Disturbance and Recovery Tracker (eDaRT)
products by developing and executing a
ground-based sampling strategy to compare
ADS and eDaRT to reference validation
data, and outlined recommendations for
complementary use by land managers
(ch. 12)
• Documented the extent, severity, and
progression of emerald ash borer infestation
in Arkansas and reconstructed emerald ash
borer-induced ash tree mortality patterns as a
surrogate for realized spread and infestation
progression (ch. 13)
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 nationalscale 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 website at https://
www.fs.fed.us/foresthealth/protecting-forest/
forest-health-monitoring.
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orests and woodlands cover an extremely
large area of the United States, 333 million
ha or approximately 36 percent of the
Nation’s land area (Oswalt and others 2019).
These forests possess the capacity to provide a
broad range of goods and services for 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,
drought, fragmentation and forest 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,
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 either 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
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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
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 20th 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 coarse woody materials, 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, 2013a, 2013b,
2014, 2015a, 2015b, 2016, 2017, 2018, 2019,

2020). Visit https://www.fs.fed.us/foresthealth/
publications/fhm/fhm-annual-national-reports.
shtml for links to each of these reports in their
entirety and for searchable lists of links to
chapters included in the reports.
This report has three specific objectives. The
first is to present information about forest health
from a national perspective, or from a multiState 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. Chapter 6 presents the results of analyses
of nearly 20 years of FIA coarse woody material
(CWM) data across spatial scales to assess change
over time in CWM biomass, diameter and
decay class, and species composition. Chapter 7,
meanwhile, uses case studies to demonstrate
the potential of rFIA, an open-source R package
developed to improve the accessibility of FIA
data and offer enhanced flexibility in estimation
strategies, to advance forest health evaluation
and monitoring.
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 2019), generally at a finer scale
than that addressed by the analyses in sections
1 and 2. Each of the six 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, Spencer and others
2002) as a common ecologically based spatial
framework for their forest health assessments
(fig. 1.1). Specifically, when the spatial scale of
the data and the expectation of an identifiable
pattern in the data are appropriate, authors use
ecoregion sections, larger-scale provinces, or
smaller-scale subsections 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 km2 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). Subsections are
nested within sections as the smallest level in
the hierarchy. This hierarchical system does not
address either Hawaii or Puerto Rico beyond
including each in a unique, single ecoregion
province (Bailey 1995). A set of Hawaii
ecoregions based on moisture and elevational
characteristics was developed for use in FHM
national reports (Potter 2020) because a finerscale and ecologically oriented spatial assessment
framework was needed to estimate the impacts
of a destructive forest disease (ch. 2) and of
forest fire occurrences (ch. 3) (fig. 1.2, table 1.1).
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Figure 1.1—Ecoregion
provinces and sections
for (A) the conterminous
United States (Cleland and
others 2007) and (B) Alaska
(Spencer and others 2002).
Ecoregion sections within each
ecoregion province are shown
in the same color.
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M211: Adirondack-New England Mixed Forest—Coniferous Forest—Alpine Meadow
212: Laurentian Mixed Forest
221: Eastern Broadleaf Forest
M221: Central Appalachian Broadleaf Forest—Coniferous Forest—Meadow
222: Midwest Broadleaf Forest
223: Central Interior Broadleaf Forest
M223: Ozark Broadleaf Forest
231: Southeastern Mixed Forest
M231: Ouachita Mixed Forest—Meadow
232: Outer Coastal Plain Mixed Forest
234: Lower Mississippi Riverine Forest
242: Pacific Lowland Mixed Forest
251: Prairie Parkland (Temperate)
255: Prairie Parkland (Subtropical)
M242: Cascade Mixed Forest—Coniferous Forest—Alpine Meadow
261: California Coastal Chaparral Forest and Shrub
M261: Sierran Steppe—Mixed Forest—Coniferous Forest—Alpine Meadow
262: California Dry Steppe
M262: California Coastal Range Open Woodland—Shrub—Coniferous Forest—Meadow
263: California Coastal Steppe—Mixed Forest—Redwood Forest
313: Colorado Plateau Semi-Desert
M313: Arizona-New Mexico Mountains Semi-Desert—Open Woodland—Coniferous Forest—Alpine Meadow
315: Southwest Plateau and Plains Dry Steppe and Shrub
321: Chihuahuan Semi-Desert
322: American Semi-Desert and Desert
331: Great Plains—Palouse Dry Steppe
M331: Southern Rocky Mountain Steppe—Open Woodland—Coniferous Forest—Alpine Meadow
332: Great Plains Steppe
M332: Middle Rocky Mountain Steppe—Coniferous Forest—Alpine Meadow
M333: Northern Rocky Mountain Forest-Steppe—Coniferous Forest—Alpine Meadow
M334: Black Hills Coniferous Forest
341: Intermountain Semi-Desert and Desert
M341: Nevada-Utah Mountains Semi-Desert—Coniferous Forest—Alpine Meadow
342: Intermountain Semi-Desert
411: Everglades
Alaska ecoregion provinces
121: Arctic Tundra
M122: Bering Tundra
M131: Bering Taiga
M132: Intermontane Boreal
133: Alaska Range Transition
M134: Coastal Mountains Transition
M241: Coastal Rainforest
M243: Aleutian Meadows
Conterminous States ecoregion provinces
211: Northeastern Mixed Forest
M211: Adirondack-New England Mixed Forest—Coniferous Forest—Alpine Meadow
212: Laurentian Mixed Forest
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Hawaii ecoregions
AL: Alpine
LW: Lowland Wet
LLD: Lowland/Leeward Dry
ME: Mesic
MW: Montane Wet
SA: Subalpine

Figure 1.2—Ecoregions, and ecoregion subunits, for Hawaii, developed based on moisture zones and
elevation (see box 1.1). Ecoregion subunits are shown in the same color by ecoregion. See table 1.1 for the
names of the ecoregion subunits listed on the map.

Table 1.1—The six ecoregions and 34 ecoregion subunits for the State of Hawaii
Ecoregion
AL: Alpine
LW: Lowland
Wet

Subunit
Alh: Alpine-Hawaiʻi

Ecoregion
MW: Montane
Wet

Subunit
MWh-hp: Montane Wet-Hawaiʻi-Hilo-Puna
MWh-ka: Montane Wet-Hawaiʻi-Kaʻū

LWh-hp: Lowland Wet-Hawaiʻi-Hilo-Puna

MWh-kh: Montane Wet-Hawaiʻi-Kohala-Hāmākua

LWh-kh: Lowland Wet-Hawaiʻi-Kohala-Hāmākua

MWh-ko: Montane Wet-Hawaiʻi-Kona

LWk: Lowland Wet-Kauaʻi

MWk: Montane Wet-Kauaʻi

LWm-e: Lowland Wet-Maui-East

MWl: Montane Wet-Lānaʻi

LWm-w: Lowland Wet-Maui-West

MWm-e: Montane Wet-Maui-East

LWo: Lowland Wet-Oʻahu

MWm-w: Montane Wet-Maui-West
MWmo: Montane Wet-Molokaʻi

LLD: Lowland/
Leeward Dry

LLDh: Lowland/Leeward Dry-Hawaiʻi

MWo: Montane Wet-Oʻahu

LLDka: Lowland/Leeward Dry-Kahoʻolawe
LLDk: Lowland/Leeward Dry-Kauaʻi
LLDl: Lowland/Leeward Dry-Lānaʻi

SA: Subalpine

SAh: Subalpine-Hawaiʻi
SAm: Subalpine-Maui

LLDm: Lowland/Leeward Dry-Maui
LLDmo: Lowland/Leeward Dry-Molokaʻi
LLDn: Lowland/Leeward Dry-Niʻihau
LLDo: Lowland/Leeward Dry-Oʻahu
ME: Mesic

MEh: Mesic-Hawaiʻi
MEk: Mesic-Kauaʻi
MEl: Mesic-Lānaʻi
MEm-e: Mesic-Maui-East
MEm-w: Mesic-Maui-West
MEmo: Mesic-Molokaʻi
MEo: Mesic-Oʻahu
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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 2019).
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. 1.3):
• 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)
• 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)

Detection
Monitoring

Analysis and
Reporting of
Results

Evaluation
Monitoring

Research on
Monitoring
Techniques

Figure 1.3—The design of the Forest Health Monitoring program
(FHM 2003).

• 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 website at https://www.fs.fed.us/
foresthealth/protecting-forest/forest-healthmonitoring/monitoring-forest-highlights.shtml.
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
(see https://www.fs.fed.us/foresthealth/
publications/fhm/fhm-publications.shtml). The
emphases of these publications include 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); down
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; Iannone and others
2015, 2016a, 2016b, 2018; Jo and others 2018;
Oswalt and others 2015; Riitters and others
2018a, 2018b); assessments of forest risk or tree
species vulnerability to exotic invasive forest
insects and diseases (Koch and others 2011,
2014; Krist and others 2014; Potter and others
2019a, 2019b; Vogt and Koch 2016; Yemshanov
and others 2014); spatial patterns of landcover
and forest fragmentation (Guo and others 2018;
Riitters 2011; Riitters and Costanza 2019; Riitters
and Wickham 2012; Riitters and others 2012,
2016, 2017); impacts of deer browse on forest
structure (Russell and others 2017); broad-scale
assessments of forest biodiversity (Guo and
others 2019; 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 website at https://www.
fs.fed.us/foresthealth/protecting-forest/foresthealth-monitoring/. Among other resources,
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this website includes links to all past national
forest health reports (https://www.fs.fed.us/
foresthealth/publications/fhm/fhm-annualnational-reports.shtml), and annual State Forest
Health Highlights reports (https://www.fs.fed.
us/foresthealth/protecting-forest/forest-healthmonitoring/monitoring-forest-highlights.shtml).
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Forest Service data sources in this edition of
the FHM national report include FIA annualized
Phase 2 survey data (Bechtold and Patterson
2005, Burrill and others 2018, Woodall and
others 2010); FHP national Insect and Disease
Survey forest mortality and defoliation data
for 2019 (FHP 2020); Moderate Resolution
Imaging Spectroradiometer (MODIS) Active Fire
Detections for the United States data for 2019
(USDA Forest Service 2020); tree canopy cover
data generated from the 2011 National Land
Cover Database (NLCD) (Homer and others
2015) through a cooperative project between
the Multi-Resolution Land Characteristics
Consortium and Forest Service Geospatial
Technology and Applications Center (GTAC)
(Coulston and others 2012); 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 (PRISM) climate mapping system
data (PRISM Climate Group 2020), and Alaskan
forest and shrub cover derived from the 2011
NLCD. For more information about the FIA
program, which is a major source of data for
several FHM analyses, see box 1.1.

FHM REPORT PRODUCTION
This FHM national report, the 20th 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 in the
Forest Health Monitoring Research Group
(https://go.ncsu.edu/foresthealth). 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 https://www.
forestthreats.org/about.

Box 1.1
The Forest Inventory and Analysis
(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,
southeastern Alaska, Hawaii, and the
Caribbean and Pacific territories with
a sampling intensity of approximately
one plot/2428 ha (one plot per 6,000
acres). 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 (see
figure) consists of four 7.315-m (24- foot)
radius subplots (approximately 168.6 m2
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 m2 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 or 58.9 feet (approximately
0.1012 ha or 1/4 acre) that originates at
the center of each subplot (Burrill and
others 2018).
Forest Inventory and Analysis Phase 3
plots previously 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
were from Phase 3 plots, including tree
crown condition, lichen communities,
down woody material, soil condition,
and vegetation structure and diversity,
whereas data on ozone bioindicator
plants were 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
Forest Health Monitoring Detection
Monitoring ground plot system prior
to 20001 (Palmer and others 1991).
The FIA program recently updated
its sampling techniques with flexible
spatial and temporal intensities for some
of these ecosystem health indicators
(including down woody material,
vegetation diversity and structure, and
crown conditions) to improve field
operation efficiency, address emerging
user demands, and adjust to evolving
forest health science (Castillo and Alvarez
2020). This “Phase 2 Plus Program/
Ecosystem Indicator Program” (P2+)
sampling scheme facilitates the collection
of a national core set of indicator
information on more plots for less cost
than the original indicator protocols, with
sampling based on a systematic subsample
that can change in response to budgetary

1 U.S. Department of Agriculture Forest
Service. 1998. Forest Health Monitoring 1998
field methods guide. Research Triangle Park,
NC: U.S. Department of Agriculture Forest
Service, Forest Health Monitoring program.
473 p. On file with: Forest Health Monitoring
program, 3041 Cornwallis Rd., Research
Triangle Park, NC 27709.

fluctuations without compromising
long-term analytical capabilities. The
enhanced indicator protocols collect lessdetailed information on each sampled
plot than on the previous Phase 3
plots, but substantially more plots are
sampled, increasing the statistical power
of forest health analyses and improving
the reliability of estimates in important
national assessments (Castillo and
Alvarez 2020).
Annular ring
(shaded)
Subplot:
24.0 ft radius
(7.32 m)

Macroplot:
58.9 ft radius
(17.95 m)

Distance between
subplot centers is
120.0 ft horizontal (36.6 m)
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Microplot:
6.8 ft radius center is
12.0 ft horizontal @
90° azimuth from the
subplot center

Box 1.1 figure—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 (Burrill and others 2018).
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INTRODUCTION

F

orest insects and diseases have widespread
ecological and economic impacts on the
forests of the United States and may
represent the most serious threats to the Nation’s
forests (Logan and others 2003, Lovett and
others 2016, Tobin 2015). U.S. law therefore
authorizes the U.S. Department of Agriculture
Forest Service to “conduct surveys to detect
and appraise insect infestations and disease
conditions and man-made stresses affecting trees
and establish a monitoring system throughout
the forests of the United States to determine
detrimental changes or improvements that
occur over time, and report annually concerning
such surveys and monitoring” (FHP 2020).
Insects and diseases cause changes in forest
structure and function, species succession,
and biodiversity, which may be considered
negative or positive depending on management
objectives (Edmonds and others 2011). Nearly
all native tree species of the United States are
affected by at least one injury-causing insect
or disease agent, with exotic agents on average
considerably more severe than native ones
(Potter and others 2019a). Additionally, the
genetic integrity of several native tree species is
highly vulnerable to exotic diseases and insects
(Potter and others 2019b).
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). In
particular, introduced insects and diseases 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 largescale complexity of interactions between host
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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.
National Insect and Disease Survey (IDS) data
(FHP 2020), coordinated by the Forest Health
Protection (FHP) program of the Forest Service,
provide an important source of information
about forest disturbances and their causal
agents across broad regions. Recent long-term
analyses of these data underscored that insects
have been much more widespread agents
of mortality than diseases, with bark beetles
consistently the most important mortality
agents across regions and over time (Potter and
others 2020a). Additionally, the tree canopy
area affected by nonnative invasive agents
of mortality and defoliation has remained
relatively consistent over time (with a larger
relative impact on forests in the North), and tree
canopy area affected by defoliation agents has
usually exceeded or equaled the area affected by
mortality agents (Potter and others 2020a).

METHODS
Data
National Insect and Disease Survey data (FHP
2020) 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 (CONUS) and to summarize insect
and disease activity by regions in the CONUS,
Alaska, and Hawaii (Potter 2012, 2013; Potter
and Koch 2012; Potter and Paschke 2013, 2014,
2015a, 2015b, 2016, 2017; Potter and others
2018, 2019c, 2020b).
The IDS data identify areas with 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 an 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. A recent comparison of aerial
survey data with ground observations found that
the accuracy of the aerial survey data exceeded
70 percent, that damage type observations for
tree mortality and defoliation had high levels
of accuracy, and that accuracy declined as the
specificity for observations went from genera
to species level for tree species and damage
agents, although many prominent tree species
and agents had low to zero commission errors
(Coleman and others 2018).
In 2019, IDS surveys of the CONUS covered
about 219.00 million ha of both forested
and unforested area (fig. 2.1), of which
approximately 155.34 million ha encompassed
tree canopy cover, or about 49.2 percent of
the 315.99-million-ha tree canopy area of the
CONUS. The entirety of this area was surveyed
using the Digital Mobile Sketch Mapping
(DMSM) approach, which recently replaced
the legacy Digital Aerial Sketch Mapping
(DASM) approach (Berryman and McMahan
2019). Meanwhile, roughly 10.8 percent (8.39
million ha) of Alaska’s 77.78 million ha of
forest or shrubland were surveyed in 2019, out
of a total of 9.88 million ha surveyed across
landcover types. In Hawaii, surveyors covered
about 798 000 ha during 2019, of which
approximately 551 000 ha had tree canopy
cover, or about 63.9 percent of the 861 000 ha
of total tree cover area in the State. Finally,
2019 surveys in the U.S. Caribbean territories of
Puerto Rico and the U.S. Virgin Islands covered
99 percent of the 496 506 ha of tree canopy

cover area (491 523 ha). These Caribbean
surveys did not record insect and disease
damage, however, so these jurisdictions are not
included in the analyses for this chapter.
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 enhances
the quality and quantity of forest health data
while having the potential to improve 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 2019). Geospatial
data collected with DMSM are stored in the
national IDS database. In an important change
from DASM, the new DMSM approach allows
surveyors to both define the extent of an area
experiencing damage and to estimate percent
range of the area within the polygon that is
affected. While additional validation will be
required for this new metric, it is expected
to increase the accuracy of derived damage
metrics because it potentially corrects for
previous overestimation caused by “lassoing”
areas of undamaged trees into large areas of
damage (ch. 12, Coleman and others 2018).
For this reason, FHM reports before 2019 did
not incorporate any derived damage estimates
beyond the areal footprint damage with
mortality or defoliation polygon boundaries, but
these are now possible because of the inclusion
of damage percentage estimates within polygons
(see “Analyses” below).
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Figure 2.1—The extent of surveys for insect and disease activity conducted in the conterminous United States, Alaska, Hawaii, and the U.S. Caribbean
Island territories in 2019. The blue lines delineate Forest Health Monitoring regions. Note: Alaska and Hawaii are not shown to scale with map of the
conterminous United States. (Data source: U.S. Department of Agriculture Forest Service, Forest Health Protection)

Digital Mobile Sketch Mapping includes both
polygon geometry, used for damage areas where
boundaries are discrete and obvious from the air,
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
(caused by the pathogen Phytophthora ramorum),
southern pine beetle (Dendroctonus frontalis), and
some types of bark beetle damage in the West.
For the 2019 data, these points 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 percentage 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.
When calculating the total areas affected by each
damage agent, we used the entire areas of these
grid cells (e.g., 240-m cell = 5.76 ha).

Analyses
To estimate the extent of damaging insect
and disease agents in 2019, we conducted two
types of analyses. In the first, we reported the
most widely detected mortality and defoliation
agents in a series of tables. Specifically, the 2019
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 CONUS in that year.
Similarly, we listed the five most widely reported
mortality and defoliation agents and complexes
within each of five FHM regions within the

CONUS (West Coast, Interior West, North
Central, North East, and South), as well as for
Alaska and Hawaii where data were available.
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 overlapping polygons and the reporting of
multiple agents per polygon in some situations.
In our second set of analyses, we used the
IDS data for 2019 to more directly estimate the
impacts of insect- and disease-related mortality
and defoliation on U.S. forests. These results are
reported in a set of figures describing (1) the
percentage of surveyed tree canopy cover area
with insect- and disease-related mortality or
defoliation within ecoregions across the United
States and (2) geographic hot spots of insect- and
disease-related mortality or defoliation across
the CONUS and within the five FHM regions.
As an indicator of the extent of damaging
insect and disease agents, we summarized
the percentage of surveyed tree canopy cover
area experiencing mortality or defoliation for
ecoregions within the CONUS and Hawaii, and
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for surveyed forest and shrubland in Alaska
ecoregions. This is a change from FHM reports
before 2019, in which we reported on the
percentage of regions exposed to mortality and
defoliating agents based only on the footprint
with mortality or defoliation polygon boundaries
(masked by forest cover) because information
on the percentage of damage within polygons
was not yet completely available. As noted
above, DMSM now allows surveyors both
to define the extent of an area experiencing
damage and to estimate percent range of
the area within the polygon that is affected
(specifically 1–3 percent, 4–10 percent, 11–29
percent, 30–50 percent, and >50 percent). By
multiplying the area of damage within each
polygon (after masking by tree canopy cover) by
the midpoint of the estimated percent-affected
range, it is possible to generate an adjusted
estimate of the area affected by each mortality
or defoliation agent detection (Berryman and
McMahan 2019). These individual estimates
can be summed for all the polygons within an
ecoregion and divided by the total surveyed
tree canopy cover area within the ecoregion
to generate an estimate of the percentage of
its canopy cover area affected by defoliating or
mortality-causing agents. (Digital Mobile Sketch
Mapping point data are also included in this
estimate. Surveyors have the option to estimate
the number of trees affected at a point and are
required to assign an area value associated with
each point, which is assumed to be 100 percent
affected by its mortality or defoliation agent.
For simplicity, we transformed each point into
a 2-acre [0.809-ha] polygon. These areas for all

the points in an ecoregion were then added to
the polygon-adjusted affected area estimates for
the ecoregion.)
For the CONUS, percentage of surveyed tree
canopy area with mortality or defoliation was
calculated within each of 190 ecoregion sections
(Cleland and others 2007). Similarly, the
mortality and defoliation data were summarized
for each of the 32 ecoregion sections in Alaska
(Spencer and others 2002). In Hawaii, the
percentage of surveyed tree canopy area
affected by mortality and defoliation agents
was calculated by ecoregions on each of the
major islands of the archipelago (Potter 2020).
Statistics were not calculated for analysis regions
in the CONUS or Hawaii with <5 percent of the
tree canopy cover area surveyed, nor in Alaska
with <2.5 percent of the forest and shrubland
area surveyed.
The tree canopy data used for the CONUS
and Hawaii were resampled to 240 m from a
30-m raster dataset that estimates percentage
of tree canopy cover (from 0 to 100 percent)
for each grid cell; this dataset was generated
from the 2011 National Land Cover Database
(NLCD) (Homer and others 2015) through
a cooperative project between the MultiResolution Land Characteristics Consortium
and the Forest Service Geospatial Technology
and Applications Center (GTAC) (Coulston
and others 2012). For our purposes, we treated
any cell with >0-percent tree canopy cover as
forest. Comparable tree canopy cover data were
not available for Alaska, so we instead created
a 240-m-resolution layer of forest and shrub

cover from the 2011 NLCD. (This is different
than Forest Health Monitoring national reports
previous to 2019, for which the mortality and
defoliation polygons were masked using a forest
cover map [1-km resolution] derived from
Moderate Resolution Imaging Spectroradiometer
[MODIS] imagery by the Forest Service GTAC
[USDA Forest Service 2008].)
Additionally, we used the Spatial Association
of Scalable Hexagons (SASH) analytical
approach to identify statistically significant
geographic hot spots of mortality or defoliation
in the CONUS. 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 equalarea 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 (Gi*) hot
spot analysis (Getis and Ord 1992) in ArcMap®
10.3 (ESRI 2017). We conducted two sets of hot
spot analyses for both mortality-causing and
defoliation-causing agents: one for the CONUS
in its entirety, and one for each of the five FHM
regions within the CONUS. The low density of
survey data in 2019 from Alaska and the small
spatial extent of Hawaii (fig. 2.1) precluded

the use of Getis-Ord Gi* hot spot analyses for
these States.
The units of analysis were 9,810 hexagonal
cells, each approximately 834 km2 in area,
generated in a lattice across the CONUS
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
CONUS 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
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The Getis-Ord Gi* statistic was then used to
identify clusters of hexagonal cells in which
the percentage of surveyed tree canopy area
with mortality or defoliation 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). Hexagons were excluded if
they contained <5-percent tree canopy cover
or if <1 percent of the tree canopy cover was
surveyed in 2019.
The Getis-Ord Gi* 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 CONUS, while we conducted another set
of analyses separately within each of the five
FHM regions. The Gi* 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 Gi*
value of 1.96 indicates that the local mean of
the percentage of forest exposed to mortalitycausing 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 Gi* 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 Gi* 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:

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 secondorder 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
4,303 hexagons containing >5 percent tree
cover and with at least 1 percent of the
canopy cover surveyed)
Wi* = the sum of the weights
s*1 i = 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, the
4,303 hexagons)
s* = the standard deviation of whole dataset
(for the 4,303 hexagons)
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 GetisOrd approach does not require that the input
data be normally distributed because the local
Gi* values are computed under a randomization
assumption, with Gi* 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 2017).

RESULTS AND DISCUSSION
Conterminous United States Mortality
The national IDS data in 2019 identified 58
mortality-causing agents and complexes across
the CONUS on an area slightly larger than the
combined land area of Vermont and Rhode
Island (approximately 2.69 million ha). In
comparison, forests cover approximately 252
million ha of the CONUS (Smith and others
2009). Twenty-one of the agents were detected
on >5000 ha.
As in 2018 (Potter and others 2020b),
fir engraver (Scolytus ventralis) was the most
widespread mortality agent in 2019, detected
on approximately 1.09 million ha (table 2.1),
or about 40.5 percent of the total mortality
area, followed by emerald ash borer, which was
identified on about 517 000 ha. Three additional
mortality agents and complexes were detected
on >100 000 ha: pinyon ips (Ips confusus) on
126 000 ha, mountain pine beetle (D. ponderosae)
on 122 000 ha, and unknown bark beetles on
116 000 ha (mostly damage on ponderosa pines
[Pinus ponderosa] in the Interior West by a list of
various bark beetle species that are not possible
to distinguish from the air). Mortality from the
western bark beetle group, including 16 different
agents in the IDS data (table 2.2), encompassed
about 64 percent of all the 2019 mortality area
across the CONUS.
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Table 2.1—Mortality agents and complexes
affecting >5000 ha in the conterminous
United States during 2019
Agents/complexes causing mortality, 2019

Area
ha
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1 088 757

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

Emerald ash borer

517 163

Cedar and cypress bark beetles

Phloeosinus spp.

Pinyon ips

125 813

Douglas-fir beetle

Dendroctonus pseudotsugae

Mountain pine beetle

121 932

Unknown bark beetlea

Douglas-fir engraver

Scolytus unispinosus

116 053

Fir engraver

Scolytus ventralis

Eastern larch beetle

99 768

Ips engraver beetles

Ips spp.

Gypsy moth

97 973

Jeffrey pine beetle

Dendroctonus jeffreyi

Western pine beetle

90 015

Mountain pine beetle

Dendroctonus ponderosae

Spruce beetle

77 435

Pine engraver

Ips pini

Douglas-fir beetle

71 971

Pinyon ips

Ips confusus

Balsam woolly adelgid

69 357

Root disease and beetle complex

Unknown

42 404

Roundheaded pine beetle

Dendroctonus adjunctus

Sudden oak death

37 043

Silver fir beetle

Pseudohylesinus sericeus

Flatheaded fir borer

34 716

Spruce beetle

Dendroctonus rufipennis

Jeffrey pine beetle

27 155

Unknown bark beetle

Subalpine fir decline

24 035

Western balsam bark beetle

Dryocoetes confusus

Western balsam bark beetle

23 047

Western pine beetle

Dendroctonus brevicomis

Cedar and cypress bark beetles

18 049

Beech bark disease complex

8959

Roundheaded pine beetle

8790

Ips engraver beetles

7428

Other (37)
Total, all mortality agents

28 653
2 685 933

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.
a In the Interior West, this is primarily damage on

ponderosa pines. The group of bark beetles is known and
varied but not distinguishable from the air. Regions have
characterized it as “Southwest bark beetle complex”
consisting mainly of damage caused by roundheaded pine
beetle, western pine beetle, and ips beetles.

--

--

Also, as in the previous year, the FHM West
Coast region in 2019 had the largest area on
which mortality agents and complexes were
detected, about 1.36 million ha (table 2.3).
Three-quarters of this area (1 028 000 ha) was
associated with fir engraver mortality. The next
most commonly detected mortality agents were
western pine beetle (D. brevicomis) on 89 000 ha
(6.6 percent of the mortality area), mountain
pine beetle on 76 000 ha (5.6 percent), sudden
oak death on 37 000 ha (2.7 percent), and
Douglas-fir beetle (D. pseudotsugae) on 36 000 ha

Table 2.3—The top five mortality agents or complexes for each Forest Health Monitoring region, and for Alaska and Hawaii, in 2019
Mortality agents and complexes, 2019

Area

Mortality agents and complexes, 2019

ha

Area

Mortality agents and complexes, 2019

ha

Interior West

ha

South

Hawaii

Pinyon ips

125 798

Unknown

3795

Unknown bark beetlea

114 206

Emerald ash borer

2430

Spruce beetle

76 782

Ips engraver beetles

1468

Balsam woolly adelgid

62 517

Southern pine beetle

286

60 831

Black turpentine beetle

<1

Other mortality agents (1)

<1

Fir engraver
Other mortality agents (16)
Total, all mortality agents and complexes

151 449
565 807

Total, all mortality agents and complexes

North Central
Emerald ash borer
Eastern larch beetle

7979

West Coast
416 876
99 768

Fir engraver

1 027 926

Western pine beetle

89 410

Beech bark disease complex

8665

Mountain pine beetle

75 690

Unknown

5338

Sudden oak death

37 043

Unknown bark beetle

1278

Douglas-fir beetle

35 914

2683

Other mortality agents (18)

Other mortality agents (12)
Total, all mortality agents and complexes

534 585

Total, all mortality agents and complexes

North East
97 973

Spruce beetle

Emerald ash borer

97 856

Yellow-cedar decline

53 900
8088

Linden looper

4153

Northern spruce engraver

Southern pine beetle

3033

Western balsam bark beetle

43

Black turpentine beetle

2822

Unknown canker

29

Other mortality agents (21)

8438

Other mortality agents (1)

Total, all mortality agents and complexes

214 265

Total, all mortality agents and complexes

Unknownb
Total, all mortality agents and complexes

27 237
27 237

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.
a In the Interior West, this is primarily damage on ponderosa

pines. The group of bark beetles is known and varied but not
distinguishable from the air. Regions have characterized it as
“Southwest bark beetle complex” consisting mainly of damage
caused by roundheaded pine beetle, western pine beetle, and
ips beetles.
b Most of the mortality recorded in Hawaii is coded as
“unknown” mortality on ʻōhiʻa lehua. Damage is likely
attributed to rapid ʻōhiʻa death but has not been confirmed.

122 311
1 363 297

Alaska

Gypsy moth

Area

433

4
62 497
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(2.6 percent). Another 18 mortality-causing
agents and complexes accounted for 8.9 percent
of the mortality area in the West Coast region.
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A handful of ecoregion sections in the West
Coast region had relatively high percentages
of mortality of surveyed tree canopy area,
especially the M261E–Sierra Nevada ecoregion
section in California (1.47 percent) and the
M261A–Klamath Mountains ecoregion section
in northwestern California and southwestern
Oregon (1.01 percent) (fig. 2.2). The mortality in
these regions was primarily caused by infestation
of fir engraver in red fir (Abies magnifica) and
white fir (A. concolor) and resulted in a series
of geographic hot spots of high mortality
in analyses conducted both for the CONUS
(fig. 2.3A) and limited to the West Coast FHM
region (fig. 2.3B). Fir engraver also impacted
neighboring ecoregion sections, including
M261D–Southern Cascades (0.68-percent
mortality of surveyed canopy area), M261G–
Modoc Plateau (0.65 percent), and M261B–
Northern California Coast Ranges (0.58 percent).
Flatheaded fir borer (Phaenops drummondi) in
Douglas-fir (Pseudotsuga menziesii) was also an
issue in the northern (Oregon) portions of
M261A–Klamath Mountains.
Fir engraver, along with western pine beetle
in ponderosa pine stands, resulted in moderately
high mortality (0.70 percent of the surveyed tree
canopy cover) in the M332G–Blue Mountains
ecoregion section of northeastern Oregon
(fig. 2.2), as well as a moderate-mortality hot
spot (fig. 2.3). Along with fir engraver, western
pine beetle and mountain pine beetle were

issues in nearby M242D–Northern Cascades
(0.48 percent), M242C–Eastern Cascades
(0.35 percent), M333A–Okanogan Highland
(0.35 percent), and 342H–Blue Mountain
Foothills (0.28 percent).
Elsewhere in the West Coast region, sudden
oak death in tanoak (Notholithocarpus densiflorus)
resulted in 0.48-percent mortality of surveyed
canopy area in 263A–Northern California
Coast and 0.31 percent in 261A–Central
California Coast.
In 2019, the FHM Interior West region had
the second most extensive area of insect and
disease mortality detection, with 21 agents
and complexes identified across 566 000 ha
(table 2.3). Unlike in 2018, when spruce beetle
(D. rufipennis) was the most widely detected
agent, pinyon ips damage was recorded on
the most area, about 126 000 ha, or 22.2
percent of the total mortality area. Meanwhile,
unknown bark beetles affected 20.2 percent
of the total mortality area, or 114 000 ha. This
was primarily damage on ponderosa pines by
a group of known and varied bark beetles that
are not distinguishable from the air. This has
been characterized as “Southwest bark beetle
complex” consisting mainly of damage caused by
roundheaded pine beetle (D. adjunctus), western
pine beetle, and ips beetles. Other widespread
mortality agents were spruce beetle detected on
77 000 ha (13.6 percent), balsam woolly adelgid
(Adelges piceae) on 63 000 ha (11.0 percent), and
fir engraver beetle on 61 000 ha (10.8 percent)
(table 2.3).
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Figure 2.2—The percentage of surveyed tree canopy cover area with insect and disease mortality, by ecoregion section within the conterminous
48 States, for 2019. 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 Geospatial
Technology and 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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Figure 2.3—Hot spots of percentage of surveyed tree canopy
cover area with insect and disease mortality in 2019 for
(A) the conterminous 48 States and (B) for separate Forest
Health Monitoring (FHM) regions, by hexagons containing
>5-percent tree canopy cover. Values are Getis-Ord Gi* scores,
with values >2 representing significant clustering of high
mortality occurrence densities and values <-2 representing
significant clustering of low mortality occurrence densities.
The gray lines delineate ecoregion sections (Cleland and
others 2007), and blue lines delineate FHM 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 Geospatial Technology and 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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Interior West mortality was highest in
northeastern Arizona and northwestern New
Mexico, where two nearly adjacent hot spots
were detected of mostly high mortality density
in the CONUS hot spot analysis and of very high
density in the regional analysis (fig. 2.3). The
primary causes of mortality in this area were the
“Southwest bark beetle complex” in ponderosa
pine stands, described above, and pinyon ips
in two-needle pinyon (P. edulis) stands. As a
result of these agents, the 313D–Painted Desert
ecoregion section had the highest percentage
of surveyed tree canopy area mortality
(4.69) in the Interior West region (fig. 2.2).
Adjacent ecoregion sections also had relatively
high mortality percentages: 313B–Navajo
Canyonlands (0.35), M313A–White MountainsSan Francisco Peaks-Mogollon Rim (0.28), and
313A–Grand Canyon (0.27).
These agents, as well as roundheaded pine
beetle (D. adjunctus) in ponderosa pine, spruce
beetle in Engelmann spruce (Picea engelmannii),
subalpine fir (A. lasiocarpa) decline, and Douglasfir beetle, resulted in relatively high mortality
(0.38 percent of surveyed canopy area) in the
341B–Northern Canyonlands ecoregion section
of southwestern Colorado and southeastern
Utah (fig. 2.2). The regional hot spot analysis
detected an area of moderate mortality density
in this area as well (fig. 2.3B). Further north,
in northeastern Utah, southeastern Idaho, and
western Wyoming, balsam woolly adelgid and
subalpine fir decline in subalpine fir stands,
as well as spruce beetle in Engelmann spruce
stands, caused moderate levels of mortality in
M331E–Uinta Mountains (0.34 percent) and

M331D–Overthrust Mountains (0.28 percent).
Finally, two ecoregion sections in central Idaho
(M332A–Idaho Batholith and 331A–Palouse
Prairie) both had 0.39-percent mortality in
surveyed treed area because of mountain pine
beetle in lodgepole pine (P. contorta), balsam
woolly adelgid and subalpine fir decline in
subalpine fir, fir engraver in grand fir (A. grandis),
and Douglas-fir beetle. A small hot spot of
moderate mortality was detected in this area in
the regional analysis (fig. 2.3B).
In the FHM North Central region, meanwhile,
surveyors recorded approximately 535 000 ha
with mortality in 2019.
Of this footprint, about 78 percent was
attributed to emerald ash borer (417 000 ha) and
19 percent to eastern larch beetle (D. simplex,
100 000 ha) (table 2.3). Of the other 15 mortality
agents recorded, beech bark disease complex
was the most widespread (1.6 percent of the
mortality area).
The ecoregion section with the greatest
mortality of surveyed tree canopy cover
nationally was 222L–North Central U.S. Driftless
and Escarpment of southwestern Wisconsin,
northeastern Iowa, and southeastern Minnesota
(6.7 percent), where emerald ash borer was
detected killing white, green, and black ash
(Fraxinus americana, F. pennsylvanica, and F. nigra)
(fig. 2.2). Two adjacent ecoregion sections also
experienced extensive mortality associated with
emerald ash borer: 251C–Central Dissected
Till Plains of southeastern Iowa (5.0 percent)
and 222M–Minnesota and Northeast Iowa
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Morainal-Oak Savannah (2.63 percent). This
mortality resulted in a hot spot of extremely
high mortality density in the CONUS analysis
(fig.2.3A) and of very high mortality density in
the regional analysis (fig. 2.3B).

Long Island (fig. 2.2). The mortality in this area
resulted in a hot spot of very high mortality
density in the regional analysis, and one of
moderate mortality density in the CONUS
analysis (fig. 2.3).

A second hot spot of mortality, of high
mortality density in the national analysis and
moderate mortality density in the regional
analysis, was detected in 212M–Northern
Minnesota and Ontario, where an ongoing
eastern larch beetle infestation is affecting
tamarack (Larix laricina). In this ecoregion
section, 0.94 percent of surveyed tree canopy
cover experienced mortality (fig. 2.2).

Two other ecoregion sections, 222I–Erie
and Ontario Lake Plain in western New
York (0.33 percent) and 211G–Northern
Unglaciated Allegheny Plateau in north-central
Pennsylvania (0.12 percent) were also the
locations of relatively high mortality associated
with emerald ash borer. The former of these
caused a moderate mortality hot spot in the
regional analysis.

In the North East FHM region, 26 mortality
agents and complexes were recorded in 2019 on
a total of approximately 214 000 ha (table 2.3).
The most common were gypsy moth and
emerald ash borer, both identified on about 98
000 ha (45.7 percent of the total mortality area
in the region). Other less common agents were
linden looper (Erannis tiliaria, 1.9 percent),
southern pine beetle (1.4 percent), and
black turpentine beetle (Dryocoetes confusus,
1.3 percent).

Finally, in the South FHM region, surveyors
identified six agents resulting in 8000 ha
with mortality (table 2.3). The most common
mortality category was “unknown” (3800 ha,
47.6 percent) followed by emerald ash borer
(2400 ha, 30.5 percent) and ips engraver
beetles (1500 ha, 18.4 percent). Southern
pine beetle was found on an additional 286 ha
(3.6 percent).

The 221A–Lower New England ecoregion
section experienced 0.77-percent mortality
within the surveyed tree canopy cover area,
resulting from widespread gypsy moth impacts
in deciduous forests in addition to some emerald
ash borer-caused mortality in ash stands
of Massachusetts, Connecticut, and Rhode
Island. This ecoregion also had southern pine
southern pine beetle and oak wilt mortality on

A single ecoregion section in the South
had mortality exceeding 0.1 percent of the
surveyed tree canopy area. This was 223F–
Interior Low Plateau-Bluegrass (0.45 percent)
in northern Kentucky where emerald ash
borer was relatively widely detected (fig. 2.2).
Regional hot spots of mortality were detected
here and in three ecoregion sections of eastern
Texas (232F–Coastal Plains and FlatwoodsWestern Gulf, 255C–Oak Woods and Prairie,

and 231E– Mid Coastal Plains-Western) where
there was ips engraver beetle activity in yellow
pine forests and hardwood mortality with an
unknown cause (fig. 2.3B).

Conterminous United States Defoliation

Table 2.4—Defoliation agents and complexes
affecting >5000 ha in the conterminous
United States in 2019
Agents/complexes causing defoliation, 2019

Area
ha

The national IDS in 2019 identified 64
defoliation agents and complexes affecting
approximately 1.42 million ha across the
CONUS (table 2.4), which is somewhat smaller
than the combined land area of Connecticut
and Rhode Island. As in 2018 (Potter and others
2020b), the most widespread defoliation agent
was western spruce budworm (Choristoneura
freemani), detected on approximately 41 percent
of the total area with defoliation (589 000 ha).
Four additional agents were each detected
on >100 000 ha: hemlock looper (Lambdina
fiscellaria) on 170 000 ha, forest tent caterpillar
(Malacosoma disstria) on 116 000 ha, spruce
budworm (C. fumiferana) on 112 000 ha, and
Douglas-fir tussock moth (Orgyia pseudotsugata)
on 100 000 ha (table 2.4).

Western spruce budworm

588 591

Hemlock looper

170 011

Forest tent caterpillar

116 395

Spruce budworm

111 754

Douglas-fir tussock moth

100 142

The FHM region with by far the largest area
on which defoliation agents were detected in
2019 was the Interior West, with 957 000 ha
of damage associated with 24 defoliators
(table 2.5). As in 2018, the majority of this area
(61.5 percent) was affected by western spruce
budworm (588 000 ha). Hemlock looper affected
168 000 ha (17.6 percent of the total), Douglasfir tussock moth 92 000 ha (9.6 percent),
Marssonina blight (Drepanopeziza spp.) 36 000 ha
(3.8 percent), and pinyon needle scale
(Matsucoccus acalyptus) 26 000 ha (2.7 percent).

Aspen blotchminer

6232

Unknown

6087

Gypsy moth

93 155

Marssonina blight

37 966

Baldcypress leafroller

35 302

Gelechiid moths/needleminers

30 313

Pinyon needle scale

27 979

Unknown defoliator

25 410

Balsam woolly adelgid

16 212

Jumping oak gall wasp

12 389

Spruce aphid

11 173

White pine needle damage

9419

Maple leafcutter

6543

Yellow poplar weevil
Other (45)
Total, all defoliation agents

5444
41 456
1 419 839

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.
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Table 2.5—The top five defoliation agents or complexes for each Forest Health Monitoring region and for Alaska and Hawaii, in 2019
Defoliation agents and complexes, 2019

Area

Defoliation agents and complexes, 2019

ha
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587 931

Forest tent caterpillar

65 541

167 884

Baldcypress leafroller

35 302

Douglas-fir tussock moth

92 155

Yellow poplar weevil

5403

Marssonina blight

36 313

Walkingstick

4567

Pinyon needle scale

26 123

Gypsy moth

3571

Other defoliation agents (19)

56 904

Other defoliation agents (4)

3520

Total, all defoliation agents and complexes

Spruce budworm

96 742

West Coasta

North Central
111 754

Balsam woolly adelgid

16 212

Gypsy moth

79 235

Gelechiid moths/needleminers

8018

Forest tent caterpillar

48 972

Douglas-fir tussock moth

7987

Jumping oak gall wasp

12 389

Aspen blotchminer
Other defoliation agents (10)
Total, all defoliation agents and complexes

Spruce aphid

7890

6232

Lodgepole needleminer

4764

4665

Other defoliation agents (19)

263 243

Total, all defoliation agents and complexes

North East

Forest Health Monitoring

Hawaii

Hemlock looper

956 527

Gypsy moth

17 758
62 610

Alaska
10 348

Hemlock sawfly

154 050

White pine needle damage

9419

Birch leafminer

113 382

Maple leafcutter

6543

Aspen leafminer

53 452

Browntail moth

4993

Willow leaf blotchminer

12 853

Unknown

2493

Unknown defoliator

Other defoliation agents (16)

7087

Other defoliation agents (4)

Total, all defoliation agents and complexes

40 718

Total, all defoliation agents and complexes

Area
ha

South

Western spruce budworm

Total, all defoliation agents and complexes

Defoliation agents and complexes, 2019

ha

Interior West

44

Area

5284
599
339 601

ʻŌhiʻa/guava rust
Total, all mortality agents and complexes

5
5

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.
a

There was no Swiss needle cast survey in 2019.

As in 2018, several ecoregion sections of
the northern Rockies were severely affected by
western spruce budworm in 2019, particularly
two in southwestern Montana and eastcentral Idaho: M332E–Beaverhead Mountains
and M332B–Northern Rockies and Bitterroot
Valley with 3.94 percent and 2.93 percent
of surveyed tree canopy area defoliated,
respectively (fig. 2.4). The western spruce
budworm defoliation extended into several
ecoregion sections to the east, north, and south
of these: M332D–Belt Mountains (2.18 percent),
M331D–Overthrust Mountains (1.57 percent),
M332F–Challis Volcanics (1.95 percent),
M331A–Yellowstone Highlands (1.19 percent),
M331B–Bighorn Mountains (1.15 percent), and
M333C–Northern Rockies: (0.51 percent). To
the west, M332A–Idaho Batholith (3.51-percent
defoliation) experienced infestations of hemlock
looper, Douglas-fir tussock moth, and western
spruce budworm, while M333D–Bitterroot
Mountains (2.76 percent) had extensive
defoliation by hemlock looper. The northern
Rockies area was encompassed by several
adjacent hot spots of moderate to very high
defoliation density in the analyses both for the
entire CONUS (fig. 2.5A) and for the Interior
West region (fig. 2.5B).
Farther south, an area of relatively high
defoliation was centered on two ecoregion
sections in south-central Colorado and northern
New Mexico, M331F–Southern Parks and Rocky
Mountain Range (3.31-percent defoliation) and
M331G–South-Central Highlands (2.72 percent).
Western spruce budworm was again the leading

defoliating agent, along with Marssonina blight
in quaking aspen (Populus tremuloides) stands
and Gelechiid moths/needleminers (Coleotechnites
spp.) in ponderosa pine stands. The work of these
agents resulted in a hot spot of high defoliation
density in the CONUS analysis (fig. 2.5A) and
a couple of hot spots of moderate defoliation
density in the regional analysis (fig. 2.5B).
In south-central Utah, a hot spot of moderate
defoliation was the result of a western spruce
budworm infestation in M341C–Utah High
Plateau (0.99-percent defoliation of surveyed
canopy area).
The North Central FHM region, meanwhile,
had 263 000 ha with defoliation associated with
15 agents and complexes, with spruce budworm
the most widely detected (112 000 ha, 42.5
percent of the total) (table 2.5). Gypsy moth
also caused widespread damage (79 000 ha, 30.1
percent), as did forest tent caterpillar (49 000 ha,
18.6 percent). Jumping oak gallwasp (Neuroterus
saltatorius) and aspen blotchminer (Phyllonorycter
tremuloidiella) were also somewhat widespread
(4.7 percent and 2.4 percent of the regional total
defoliation, respectively).
Defoliation in the North Central region was
most widespread in the Great Lakes States
(fig. 2.4), especially 212R–Eastern Upper
Peninsula (2.00 percent of surveyed area with
canopy cover), where forest tent caterpillar
was the most commonly detected agent along
with spruce budworm and jack pine budworm
(C. pinus). In 212H-Northern Lower Peninsula
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(1.75 percent), gypsy moth in oak (Quercus spp.)
stands was the main agent, in addition to spruce
budworm and forest tent caterpillar. Finally, in
212L-Northern Superior Uplands (1.72 percent),
spruce budworm was an issue in balsam fir (A.
balsamea) and white and black spruce (P. glauca
and P. mariana) stands and larch casebearer
(Coleophora laricella) and forest tent caterpillar
were additional but less significant problems.
Each of these ecoregion sections was the
location of a hot spot of either high or moderate
defoliation density in both the CONUS and
regional analyses (fig. 2.5). Four other ecoregion
sections in the Great Lakes States also had
relatively high defoliation as a result of spruce
budworm and forest tent caterpillar:
• 212J–Southern Superior Uplands
(0.52 percent)
• 212X–Northern Highlands (0.38 percent)
• 212T–Northern Green Bay Lobe
(0.30 percent)
• 212S–Northern Upper Peninsula
(0.15 percent)
At the southern edge of the North Central
region, in 223A–Ozark Highlands in southern
Missouri, jumping oak gall wasp was an issue,
resulting in 0.16-percent defoliation of surveyed
canopy cover.
Surveyors in 2019 documented about
97 000 ha with defoliation in the South
(table 2.5), with forest tent caterpillar detected
on about 66 000 ha, or 67.7 percent of the

area with defoliation, and baldcypress leafroller
(Archips goyerana) detected on about 35 000 ha,
or 36.5 percent of the area with defoliation. Of
the seven other defoliating agents detected in
2019, yellow poplar weevil (Odontopus calceatus),
walkingstick (Diapheromera femorata), and gypsy
moth were recorded on an additional 5400 ha,
4600 ha, and 3600 ha, respectively.
As in 2018, the southern ecoregion sections
with the highest percentage of defoliation were
in southern Louisiana, as the result mainly of
baldcypress leafroller: 232E–Louisiana Coastal
Prairie and Marshes (7.33 percent) and 234C–
Atchafalaya and Red River Alluvial Plains
(1.42 percent) (fig. 2.4). Forest tent caterpillar
was an issue in the neighboring 234A–Southern
Mississippi Alluvial Plain (0.45 percent). These
defoliators resulted in the area being the location
of a hot spot of very high defoliation density
(fig. 2.5).
Elsewhere in the South, forest tent caterpillar
and, to a lesser degree loblolly pine sawfly
(N. taedae linearis), caused relatively high levels
of defoliation and a hot spot of moderate
defoliation in two ecoregion sections of eastern
North Carolina: 232I–Northern Atlantic
Coastal Flatwoods (0.86-percent defoliation
of surveyed canopy cover) and 232H–Middle
Atlantic Coastal Plains and Flatwoods (0.20
percent). Additionally, an ongoing infestation
of walkingstick in M223A–Boston Mountains
of northern Arkansas resulted in 0.12-percent
defoliation of surveyed tree canopy area there
(fig. 2.4).

In 2019, 24 defoliating agents were recorded
in the West Coast FHM region on 63 000 ha
(table 2.5). (Unlike 2018, there was no Swiss
needle cast survey.) No single agent was
responsible for a majority of the defoliation,
but balsam woolly adelgid was detected on
16 000 ha (25.9 percent of the regional total),
while three agents were found on about
8000 ha: Gelechiid moths/needleminers,
Douglas-fir tussock moth, and spruce aphid
(Elatobium abietinum).
A variety of pests, including Gelechiid
moths/needleminers in ponderosa pine forests,
Marssonina blight in quaking aspen stands,
and pinyon needle scale in singleleaf pinyon
(P. monophylla) forests, resulted in moderately
high levels of defoliation in two ecoregion
sections of eastern California, extending into
western Nevada and the Interior West FHM
region: 341D–Mono and 341F–Southeastern
Great Basin (both with 0.73-percent defoliation
of surveyed canopy cover area) (fig. 2.4).
This defoliation also caused the West Coast
region’s only national defoliation hot spot
(fig. 2.5A) as well as a hot spot of very high
defoliation density in the regional analysis
(fig. 2.5B). Another regional hot spot, this one
of moderate defoliation, was detected on the
Pacific Coast border between Washington and
Oregon (M242A–Oregon and Washington Coast
Ranges), where there was an outbreak of spruce
aphid in Sitka spruce (P. sitchensis).
In the North East region, two of 21 agents
were the most widely identified: gypsy moth on
about 10 000 ha (25.4 percent of the regional

total) and white pine needle damage on about
9000 ha (23.1 percent). Maple leafcutter
(Paraclemensia acerifoliella) and browntail moth
(Euproctis chrysorrhoea) were also relatively
widely detected, constituting 16.1 percent and
12.3 percent of the total defoliation, respectively
(table 2.5).
White pine needle damage in stands of
eastern white pine (P. strobus) and maple
leafcutter infestation in sugar maple (Acer
saccharum) forests resulted in moderately high
defoliation in the upper New England ecoregion
sections of M211C–Green-Taconic-Berkshire
Mountains (0.21 percent) and M211B–New
England Piedmont (0.22 percent). These
caused a regional geographic hot spot of high
defoliation in the area (fig. 2.5B). Other North
East region hot spots were associated with
browntail moth in northern red oak (Q. rubra)
stands in 211D–Central Maine Coastal and
Embayment; with fall cankerworm (Alsophila
pometaria) in eastern Massachusetts and gypsy
moth in Connecticut and central Massachusetts
(both in 221A–Lower New England); and with
forest tent caterpillar and gypsy moth in the
Delmarva Peninsula (232H–Middle Atlantic
Coastal Plains and Flatwoods).

Alaska and Hawaii
In Alaska, six mortality agents and complexes
were detected on approximately 62 000 ha in
2019 (table 2.3), a decline from the previous
year. Spruce beetle was again the most
widely detected mortality agent, representing
86.2 percent of the total area with mortality
(54 000 ha). Most of the rest of the State’s
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mortality was associated with yellow-cedar
(Chamaecyparis nootkatensis) decline (8000 ha,
12.9 percent of the total).
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As in 2018, the spruce beetle outbreak was
focused in the south-central part of the State
(fig. 2.6), where M243B–Alaska Peninsula had
the highest mortality of surveyed forest and
shrubland (0.45 percent), followed by 133A–
Cook Inlet Basin (0.22 percent) and M133B–
Alaska Range (0.19 percent).
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A much larger area of Alaska was affected
by defoliation than by mortality in 2019.
Specifically, nine defoliation agents were
found together to affect approximately
340 000 ha, with the greatest area (154 000 ha)
encompassed by hemlock sawfly (N. tsugae),
45.4 percent of the total for the State (table 2.5).
Surveyors attributed a further 113 000 ha with
defoliation to birch leafminer (Fenusa pusilla,
33.4 percent), 53 000 ha to aspen leafminer
(Phyllocnistis populiella, 15.7 percent), and 13
000 to willow leaf blotchminer (Micrurapteryx
salicifoliella, 3.8 percent).
Defoliation in 2018 was relatively high across
east-central and southeastern parts of Alaska
(fig. 2.7). The ecoregion section with the highest
defoliation was M241D–Alexander Archipelago
in the Alaska panhandle, with 3.52 percent of
surveyed area experiencing defoliation from
hemlock sawfly in western hemlock (Tsuga
heterophylla) forests. Meanwhile, birch leafminer
resulted in 2.47- and 1.24-percent defoliation in
surveyed forest and shrubland areas of 133A–
Cook Inlet Basin and M241C–Chugach-St. Elias

Mountains, respectively, in south-central Alaska.
Aspen leafminer and willow leaf blotchminer
were the main defoliation agents in ecoregion
sections of east-central Alaska: M132C–YukonTanana Uplands (1.03 percent defoliation),
132C–Tanana-Kuskokwim Lowlands (0.87
percent), 132A–Yukon-Old Crow Basin
(0.77 percent), and M132E–Ray Mountains
(0.64 percent).
Finally, surveyors delineated about 27 000 ha
with mortality in Hawaii during 2019 (table 2.3).
While no cause was assigned to any of the
mortality, at least some of this was likely
caused by rapid ʻōhiʻa death, a wilt disease that
affects ʻōhiʻa lehua (Metrosideros polymorpha),
a highly ecologically and culturally important
tree in Hawaiian native forests (University of
Hawai‘i 2020). Rapid ʻōhiʻa death is caused by
the fungal pathogens Ceratocystis lukuohia and
C. huliohia, but C. lukuohia is more aggressive
than C. huliohia, though both can kill ʻōhiʻa
(Barnes and others 2018). Both pathogens
have been confirmed extensively on the islands
of Hawaiʻi (the Big Island) and Kauaʻi, while
in 2019 five trees and one tree infected with
C. huliohia were detected on Oʻahu and Maui,
respectively (University of Hawai‘i 2020).
Montane wet ecoregions across the islands
of Maui, Hawai‘i, and Molokai were those
with the highest mortality detected in 2019
(fig. 2.8): Montane Wet-Maui-East (MWm-e)
with 4.00 percent of the surveyed tree canopy
area, Montane Wet-Maui-West (MWm-w)
with 1.36 percent, Montane Wet-HawaiʻiKohala-Hāmākua (MWh-kh) with 1.14 percent,
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Montane Wet-Hawaiʻi-Kona (MWh-ko) with
0.94 percent, Montane Wet-Molokaʻi (MWmo)
with 0.71 percent, and Montane Wet-HawaiʻiKaʻū (MWh-ka) with 0.69 percent. One lowland
wet ecoregion (Lowland Wet-Oʻahu [LWo],
0.70 percent) and one mesic ecoregion (MesicMolokaʻi [MEmo], 0.53 percent) also had
relatively high levels of mortality. These all were
areas with mostly very light to moderate ʻōhiʻa
lehua mortality.
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A very small area of Hawaii defoliation (5 ha)
was detected in 2019 on Oʻahu, attributed
to ʻōhiʻa/guava rust (Austropuccinia psidii)
(table 2.5).

CONCLUSION
Continued monitoring of insect and disease
outbreaks across the United States will be
necessary for determining appropriate followup
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 severity offer a useful approach
for identifying geographic areas where the
concentration of monitoring and management
activities might be most effective.
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INTRODUCTION

A

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).
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 (Barbour and
others 1999), potentially altering key ecosystem
components such as species composition,
structural stage, stand age, canopy closure,
and fuel loadings (Schmidt and others 2002).
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). 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 (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).
At the same time, 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).
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 2019. It also
compares 2019 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. Additionally,
given the potential for climate change and
shifting species distributions to alter historic fire
regimes, quantifying the location and frequency
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of forest fire occurrences across the United
States can help us to better understand emerging
spatiotemporal patterns of fire occurrence.
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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 2020) 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, 2019, 2020a). 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 1 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 2020).
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 km2, for example)
and a cooler fire over a larger area (1 km2,
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). More
information about the performance of this
product is available in Justice and others (2011).
The fire occurrence data additionally do not
identify fires intentionally set for management
purposes (controlled burns), which are common
in some parts of the United States, particularly in
the South.
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 for every
day in the month of July, for example, would be
equivalent to 31 fire occurrences.
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. This is because VIIRS data are available
from 2014 onward (USDA Forest Service 2020),
but it will be important for assessments of fire
occurrence trends to be able to analyze as long
a window of time as possible (i.e., from the
beginning of MODIS data availability).

Analyses
These MODIS products for 2019, and for the
18 preceding full years of data, were processed
in ArcMap® (ESRI 2017) to determine forest
fire occurrence density (that is, the number of
fire occurrences/100 km2 [10 000 ha] of tree
canopy cover area) for each ecoregion section
in the conterminous United States (Cleland
and others 2007), for ecoregions on each of
the major islands of Hawaii (Potter 2020b),
and for the islands of the Caribbean territories
of Puerto Rico and the U.S. Virgin Islands. For

the current analyses, the forest fire occurrence
density metrics for the conterminous 48
States, Hawaii, and the Caribbean territories
(the number of fire occurrences/100 km2
of tree canopy cover area) were calculated
after screening out wildland fires that did not
intersect with tree canopy data. The tree canopy
data had been resampled to 240 m from a 30-m
raster dataset that estimates percentage of tree
canopy cover (from 0 to 100 percent) for each
grid cell; this dataset was generated from the
2011 National Land Cover Database (NLCD)
(Homer and others 2015) through a cooperative
project between the Multi-Resolution Land
Characteristics Consortium and the U.S.
Department of Agriculture Forest Service,
Geospatial Technology and Applications Center
(GTAC) (Coulston and others 2012). For our
purposes, we treated any cell with >0-percent
tree canopy cover as forest. Comparable tree
canopy cover data were not available for Alaska,
so we instead created a 240-m-resolution layer
of forest and shrub cover from the 2011 NLCD.
The MODIS fire occurrence detection data
were then intersected with this layer and with
ecoregion sections for the State (Spencer and
others 2002) to calculate the number of fire
occurrences/100 km2 of forest and shrub cover
within each ecoregion section in Alaska. In
Forest Health Monitoring national reports before
2019, the number of fire occurrences/100 km2
of forest was determined for the conterminous
States, Alaska, and Hawaii using a forest
cover mask derived from MODIS imagery
by the Forest Service GTAC (USDA Forest
Service 2008).
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The total numbers of forest fire occurrences
were also determined separately for the
conterminous States, Alaska, Hawaii, and the
Caribbean territories after clipping the MODIS
fire occurrences by the canopy cover or tree and
shrub cover data.
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The fire occurrence density value for each
of the ecoregions of the States and for the
Caribbean islands in 2019 was then compared
with the mean fire density values for the first 18
full years of MODIS Active Fire data collection
(2001–2018). Specifically, the difference of the
2019 value and the previous 18-year mean
for an ecoregion was divided by the standard
deviation across the previous 18-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 2019 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 higherthan-expected fire occurrence density in
2019. 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 Gi* hot spot analysis (Getis and Ord
1992) in ArcMap® 10.5.1 (ESRI 2017).
The spatial units of analysis were 9,810
hexagonal cells, each approximately 834 km2
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). 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 km2 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/100 km2 of tree canopy
cover area within the hexagon. The Getis-Ord
Gi* 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 clustering is concentrated
in one subregion of the data (Anselin 1992).

Briefly, Gi* 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 9,644 hexagonal cells with
tree canopy cover (of 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 secondorder neighbors)
xj = the value of neighbor j
w i j = 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
9,644 hexagons containing tree cover)
Wi* = the sum of the weights
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s*1 i = the number of samples within d of the
central location (19: the focal hexagon and its
18 first- and second-order neighbors)

observations (ESRI 2017), in this case, via the
target hexagon and its 18 first- and secondorder neighbors.

x̄* = the mean of whole dataset (in this case,
for all 9,644 hexagons containing tree cover)

RESULTS AND DISCUSSION
Trends in Forest Fire Occurrence
Detections for 2019
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s* = the standard deviation of whole dataset
(for all 9,644 hexagons containing tree cover)
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Gi* 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/100 km2 of tree canopy cover
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 Gi* 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

The MODIS Active Fire database recorded
40,657 forest fire occurrences across the
conterminous United States in 2019, the fifth
lowest in 19 full years of data collection and the
least in a year since 2005 (fig. 3.1). This was a
decline of approximately 47 percent from 2018
(76,692 total forest fire occurrences), and 43
percent lower than the mean of the previous
18 years of data. At the same time, Alaska
experienced a dramatic 3,740-percent increase
in fire occurrences from 2018, from 690 to
26,493, as well as a 157-percent increase over
the mean of the previous years. This was the
third most fire occurrences in Alaska in 19 years
of data collection, and the most since 2005.
Hawaii had only 36 fire occurrences in 2019,
which was a 74-percent drop from 2018 (136)
and an 88-percent decrease from the 2001–2018
average. Finally, 18 fire occurrences were
detected in Puerto Rico, an increase from the
single occurrence in 2018 and about 85 percent
above the average of 9.7 per year.
The decrease in fire occurrences in the
conterminous United States along with the
stark upsurge in fire occurrences in Alaska are
in keeping with the official national wildland
fire statistics, which are based on numbers of
wildfires reported and area burned (National
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Figure 3.1—Forest fire occurrences detected by Moderate Resolution Imaging Spectroradiometer (MODIS) from 2001
through 2019 for the conterminous United States, Alaska, and Hawaii, and for the entire Nation combined. (Data
source: U.S. Department of Agriculture Forest Service, Geospatial Technology and Applications Center, in conjunction
with the NASA MODIS Rapid Response group)
Interagency Coordination Center 2020).
According to these statistics, there were 50,477
wildfires nationally in 2019 compared to 58,083
in 2018, while the area burned declined 47
percent from 3 548 078 ha in 2018 to 1 887 601
ha in 2019, and was 33 percent less than the 10year average (National Interagency Coordination
Center 2019, 2020). Alaska was the only region
in the United States with a larger-than-average
area burned as well as the only region with a
significant increase in number of fires reported.
Across the United States in 2019, the number of
wildland fires and fire complexes exceeding 16
187 ha (40,000 acres, a benchmark threshold for
the National Interagency Coordination Center)

was only 27, compared to 49 in 2018 and 44
in 2017 (National Interagency Coordination
Center 2018, 2019, 2020). Of these, all but two
of the 15 largest U.S. fires in 2019 occurred
in Alaska (National Interagency Coordination
Center 2020). As noted in the Methods section
above, estimates of burned area and numbers
of reported fires are different metrics for
quantifying fire activity than calculations of
MODIS-detected fire occurrences, though they
may be correlated.
This was not the first time that a peak fire
year in Alaska corresponded with a decrease
in fire occurrences in the conterminous

65

SECTION 1 Chapter 3
Forest Health Monitoring

66

United States (fig. 3.1). In 2004 and 2005, in
fact, the number of fire occurrences in Alaska
exceeded those of the conterminous States,
the only times during the MODIS period that
this happened. Additionally, peaks of Alaska
fire occurrences in 2009 and 2015 were
followed the next year by a marked decrease
in conterminous States fire occurrences. Such
broad-scale patterns of wildfire throughout
North America are the result of the interaction
between climate and vegetation development
across a range of spatial and temporal scales,
with climate influencing fine fuel moisture,
ignition frequency, and rates of wildfire spread
at annual to interannual timescales (Gedalof
2011) and with years of high fire activity in
the West characterized by widespread and
regionally distinct summer droughts (Trouet
and others 2010). Interannual to multidecadal
variability in sea surface temperatures,
associated with the El Niño-Southern Oscillation
(ENSO), Pacific Decadal Oscillation (PDO),
and Atlantic Multidecadal Oscillation (AMO),
drive intermediate-term patterns in wildfire
occurrence in North America (Kitzberger and
others 2007). Further research could help
illuminate the relationships between climate and
wildfire occurrences within and between regions
of the conterminous 48 States and Alaska.
Areas with the highest fire occurrence
densities in 2019 were in southwestern Idaho,
central California, and eastern Kansas (fig. 3.2).
The Owyhee Uplands (342C) was the ecoregion
section with the highest fire occurrence density
in 2019, with 8.8 fire occurrences/100 km2 of
tree canopy cover (table 3.1). (In the previous

year, the ecoregion section with the highest fire
occurrence density was the Northern California
Coast Ranges [M261B], which experienced
31.8 fire occurrences/100 km2 of tree canopy
cover [Potter 2020a]). Two other ecoregion
sections had relatively high fire occurrence
densities: 262A–Great Valley in California
(8.4 fire occurrences/100 km2 of tree canopy
cover) and 251F–Flint Hills in Kansas (6.7 fire
occurrences/100 km2 of tree canopy cover). A
handful of ecoregion sections in the Southeast,
in Arizona and New Mexico, in northern
California, and in Oregon and Washington had
moderate fire occurrence densities (fig. 3.2). The
relatively low fire occurrence densities across
the conterminous 48 States were attributable
at least in part to the atypical summer of 2019,
during which spring-like temperatures held
until early July, and long-duration and hot
high-pressure ridge events did not develop in
the West (National Interagency Coordination
Center 2020).
On the other hand, Alaska experienced
extraordinarily hot and dry conditions in June
and July, with July 2019 being the hottest
month on record for the State; conditions were
critically dry in the interior as the summer
rains arrived later than usual in August
and missed the south-central part of Alaska
(National Interagency Coordination Center
2020). As a result, fire occurrence densities
across large swaths of central and southcentral Alaska were moderate, with densities
very high in 132A–Yukon-Old Crow Basin
(19.4 fire occurrences/100 km2 of forest and
shrub cover) (fig. 3.3). This ecoregion section
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Figure 3.2—The number of forest fire occurrences, per 100 km2 (10 000 ha) of tree canopy coverage area, by ecoregion section within the conterminous
48 States, for 2019. The gray lines delineate ecoregion sections (Cleland and others 2007). 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 Geospatial Technology and
Applications Center using the 2011 National Land Cover Database. See figure 1.1A for ecoregion identification. (Source of fire data: U.S. Department
of Agriculture Forest Service, Geospatial Technology and Applications Center, in conjunction with the NASA MODIS Rapid Response group)

Table 3.1—The 15 ecoregion sections in the conterminous United States with the highest fire
occurrence densities in 2019
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Tree
canopy area

Fire
occurrences

km 2

number

Densitya

342C

Owyhee Uplands

16.7

148

8.8

262A

Great Valley

19.4

164

8.4

251F

Flint Hills

57.8

387

6.7

232B

Gulf Coastal Plains and Flatwoods

888.7

4770

5.4

232J

Southern Atlantic Coastal Plains and Flatwoods

604.0

2,865

4.7

342F

Central Basin and Hills

16.5

77

4.7

232K

Florida Coastal Plains Central Highlands

149.0

632

4.2

M261C

Northern California Interior Coast Ranges

18.2

73

4.0

M261B

Northern California Coast Ranges

114.1

439

3.8

M333A

Okanogan Highland

247.9

919

3.7

232D

Florida Coastal Lowlands-Gulf

134.9

491

3.6

M313A

White Mountains-San Francisco Peaks-Mogollon Rim

202.5

717

3.5

232G

Florida Coastal Lowlands-Atlantic

138.5

471

3.4

331A

Palouse Prairie

33.4

107

3.2

313C

Tonto Transition

17.5

55

3.2

a

Forest Health Monitoring

Name

2

Density = fire occurrences/100 km of tree canopy coverage area.

was the location of the Chalkyitsik Complex
of fires, which burned 204 463 ha and cost
approximately $7 million to contain (National
Interagency Coordination Center 2020).
In Hawaii, only a single area had at least
moderate fire occurrence density in 2019, the
Lowland/Leeward Dry ecoregion on Maui
island (LLDm) with fire occurrence density of
5.5/100 km2 of tree canopy cover (fig. 3.4).

All other ecoregions in the State had 2019 fire
occurrence densities of ≤3/100 km2 of tree
canopy cover. This followed a year during which
a dramatic Big Island lava eruption in the lower
east rift zone of the Kīlauea volcano burned
forests and homes at the very eastern tip of the
island (Andrews 2018), resulting in a high fire
occurrence density (7.4/100 km2 of tree canopy
cover) in the island’s Lowland Wet-Hilo-Puna
ecoregion (LWh-hp) (Potter 2020a).
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122B

Fire occurrences
per 100 km2 forest, 2019
0.00–1.00 (very low)
1.01–3.00 (low)
3.01–6.00 (moderate)
6.01–12.00 (high)
12.01–24.00 (very high)
> 24.00 (extremely high)
Ecoregion section

132C

132B

M134B
133B M134A

M132B
133A

131A
M133A
M131B

M241C
M241B
M241E

131B

M243B

M133B

M241A

M241D

M243A

Figure 3.3—The number of forest fire occurrences, per 100 km2 (10 000 ha) of forest and shrub cover, by ecoregion section within Alaska, for 2019. The
gray lines delineate ecoregion sections (Spencer and others 2002). Forest and shrub cover are derived from the 2011 National Land Cover Database. See
figure 1.1B for ecoregion identification. (Source of fire data: U.S. Department of Agriculture Forest Service, Geospatial Technology and Applications Center,
in conjunction with the NASA MODIS Rapid Response group)
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SAh

O‘ahu

MEl

Kaho‘olawe
LLDka

Maui

LLDm

LWm-e
MWm-e
SAm
MEm-e

Fire occurrences per 100 km2 of canopy cover, 2019
0.00–1.00 (very low)
1.01–3.00 (low)
3.01–6.00 (moderate)
Ecoregion

6.01–12.00 (high)
12.01–24.00 (very high)
> 24.00 (extremely high)

Figure 3.4—The number of forest fire occurrences, per 100 km2 (10 000 ha) of tree canopy coverage area, by island/ecoregion
combination in Hawaii, for 2019. 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 Geospatial Technology and Applications
Center using the 2011 National Land Cover Database. See table 1.1 for ecoregion identification. (Source of fire data: U.S.
Department of Agriculture Forest Service, Geospatial Technology and Applications Center, in conjunction with the NASA
MODIS Rapid Response group)

Finally, 2019 fire occurrence densities were
≤1/100 km2 of tree canopy cover for all of the
islands of the U.S. Caribbean territories (Puerto
Rico and the U.S. Virgin Islands) (fig. 3.5).

Comparison to Longer Term Trends
The nature of the MODIS Active Fire data
makes it possible to contrast short-term (2019)
forest fire occurrence densities with longer term
trends encompassing the first 18 full years of
data collection (2001–2018) for ecoregions in
the conterminous States, Alaska, and Hawaii,
and for Caribbean islands. Across that multiyear
period, the highest mean annual fire occurrences
in the conterminous States are in ecoregion
sections of the northern Rocky Mountains,
California, the Southwest, the southern Great
Plains, and the Southeastern Coastal Plain
(fig. 3.6A). Meanwhile, ecoregions elsewhere
generally experienced ≤3 fire occurrences/100
km2 of tree canopy cover annually, with the
Northeast and most of the Midwest having ≤1.
The M332A–Idaho Batholith in central Idaho
had the highest fire occurrence density on
average (mean annual fire occurrence density of
12.8), followed by M261A–Klamath Mountains
of northwestern California and southeastern
Oregon (10.6) (table 3.2). Other ecoregion
sections with high mean fire occurrence
densities (6.01–12.00 fire occurrences/100 km2
of canopy cover) were located along the Gulf
Coast in the Southeast; in coastal, northern,
and central areas of California; in north-central
Washington; in central Arizona and New
Mexico; in the northern Rocky Mountains; and
in central Kansas and northeastern Oklahoma

(table 3.2). The ecoregion section with the
greatest annual variation in fire occurrence
densities from 2001 to 2018 was again M332A–
Idaho Batholith, with more moderate variation
in California, northeastern Washington and
northwestern Idaho, southern Oregon, western
Montana, and central Arizona and west-central
New Mexico (fig. 3.6B). The Northeast and most
of the Midwest had the lowest variation, while
relatively low variation was also present across
the Southeast, the central Rocky Mountain
States, the Great Basin, and central Oregon
and Washington.
Most of the conterminous United States
experienced near-normal fire occurrence
densities in 2019, compared to the previous
17-year mean and accounting for variability
over time (fig. 3.6C). As determined by the
calculation of standardized fire occurrence
z-scores, a few ecoregions in the Northeast and
scattered elsewhere had significantly higher
fire occurrence densities than normal. The
ecoregion section with the highest z-score in
2019 was 212J–Southern Superior Uplands, an
area with typically very few fire occurrences.
Other similar ecoregion sections were 211A–
Aroostook Hills and Lowlands of northern
Maine, 221A–Lower New England along the
Atlantic Coast from New York to Maine, 342C–
Southern Superior Uplands in southwest Idaho,
315B–Texas High Plains in western Texas and
eastern New Mexico, 331J–Northern Rio Grande
Basin in north-central New Mexico and southcentral Colorado, and 262A–Great Valley in
central California.
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Figure 3.5—The number of forest fire occurrences, per 100 km2 (10 000 ha) of tree canopy coverage area, by island in Puerto Rico and
the U.S. Virgin Islands, for 2019. 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 Geospatial Technology and Applications Center using the
2011 National Land Cover Database. (Source of fire data: U.S. Department of Agriculture Forest Service, Geospatial Technology and
Applications Center, in conjunction with the NASA MODIS Rapid Response group)
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Figure 3.6—(A) Mean number and
(B) standard deviation of forest fire
occurrences per 100 km2 (10 000 ha)
of tree canopy coverage area from 2001
through 2018, by ecoregion section within
the conterminous 48 States. (C) Degree
of 2019 fire occurrence density excess or
deficiency by ecoregion relative to 2001–
2018 and accounting for variation over
that time period. The gray lines delineate
ecoregion sections (Cleland and others
2007). 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 Geospatial Technology
and Applications Center using the 2011
National Land Cover Database. (Source of
fire data: U.S. Department of Agriculture
Forest Service, Geospatial Technology and
Applications Center, in conjunction with the
NASA MODIS Rapid Response group)
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Table 3.2—The 15 ecoregion sections in the conterminous United States with the highest
mean annual fire occurrence densities from 2001 to 2018

Section

Tree
canopy area

Name

Mean annual
fire occurrence
densitya

SECTION 1 Chapter 3

km 2

Forest Health Monitoring

74

M332A

Idaho Batholith

338.9

12.8

M261A

Klamath Mountains

338.5

10.6

M262B

Southern California Mountain and Valley

58.1

8.8

M261E

Sierra Nevada

427.8

7.9

M313A

White Mountains-San Francisco Peaks-Mogollon Rim

202.5

7.7

313C

Tonto Transition

17.5

7.5

251F

Flint Hills

57.8

6.9

M261B

Northern California Coast Ranges

114.1

6.7

251.1

6.7

66.8

6.3

M242D

Northern Cascades

261A

Central California Coast

232B

Gulf Coastal Plains and Flatwoods

888.7

6.1

M332F

Challis Volcanics

72.2

6.1

M333C

Northern Rockies

176.3

5.9

331A

Palouse Prairie

33.4

5.8

M332B

Northern Rockies and Bitterroot Valley

154.9

5.7

a

2

Mean annual fire occurrence density = fire occurrences/100 km of tree canopy coverage area.

A few ecoregion sections in the middle part of
the country had 2019 fire occurrence densities
that were lower than the longer term as indicated
by z-scores that were ≤-1: 331E–Northeastern
Glaciated Plains in central and northwest North
Dakota and northeastern Montana; 332E–SouthCentral Great Plains in central Kansas and
south-central Nebraska; 332A–Northeastern
Glaciated Plains in central North Dakota; and
331D–Northwestern Glaciated Plains in northcentral Montana (fig. 3.6C). Each of these has a

relatively low proportion of tree canopy cover,
and each had a very low fire occurrence density
score in 2019.
In Alaska, meanwhile, the central and eastcentral parts of the State had moderate mean
annual fire occurrence densities for 2001–2018,
specifically in 132A–Yukon-Old Crow Basin
and M132E–Ray Mountains (fig. 3.7A). These
ecoregion sections, along with M132C–YukonTanana Uplands and M132F–North Ogilvie
Mountains, were the most variable over the

(A)

(B)

Fire occurrence density
annual mean, 2001–2018
0.00–1.00
1.01–3.00
3.01–6.00
6.01–12.00
Ecoregion section

Annual fire occurrence
density standard
deviation, 2001–2018
0.00–1.00
1.01–5.00
5.01–10.00
10.01–20.00
>20.00
Ecoregion section

(C)
121A
121B

2019 fire occurrence density z-score
≤-2.00 (many fewer)
-1.99– -1.50 (moderately fewer)
-1.49– -1.00 (slightly fewer)
-0.99–1.00 (near normal)
1.01–1.50 (slightly more)
1.51–2.00 (moderately more)
>2.00 (many more)
Ecoregion section

M132A
M121A
132A

M132D

122A

M132F

M132E

132B

M122A
M131A

M132C

122B
132C
M133B 133B

M132B
133A

131A
M133A

M134B
M134A

M241C

M241B

M131B
M241E

131B

M243B

M243A

M241A

M241D

Figure 3.7—(A) Mean number and
(B) standard deviation of forest fire
occurrences per 100 km2 (10 000 ha)
of forest and shrub cover from 2001
through 2018, by ecoregion section
in Alaska. (C) Degree of 2019 fire
occurrence density excess or deficiency
by ecoregion relative to 2001–2018
and accounting for variation over that
time period. The gray lines delineate
ecoregion sections (Spencer and others
2002). Forest and shrub cover are
derived from the 2011 National Land
Cover Database. (Source of fire data:
U.S. Department of Agriculture Forest
Service, Geospatial Technology and
Applications Center, in conjunction
with the NASA MODIS Rapid
Response group)
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18- year period preceding 2019 (fig. 3.7B).
In 2019, much of the State had higher fire
occurrence densities compared to the previous
18 years and accounting for variability
(fig. 3.7C). The ecoregion sections that had
many more fire occurrence densities than
expected were 132A–Yukon-Old Crow Basin in
the east; M122A–Seward Peninsula in the west;
M132B–Kuskokwim Mountains and 131B–
Bristol Bay Lowlands in the southwest; 133A–
Cook Inset Basin, M241C–Chugach-St. Elias
Mountains, and M134A–Wrangell Mountains in
the south-central and southeastern parts of the
State; and M241E–Northern Coast Mountains
in the panhandle. Other ecoregions in western
Alaska had fire occurrence densities that were
moderately or slightly higher than expected.
In Hawaii, the Lowland Wet-Hilo-Puna
ecoregion (LWh-hp) of the Big Island had both
the highest annual fire occurrence density mean
(fig. 3.8A) and variability (fig. 3.8B) during the
2001–2018 period. The annual mean was ≤1
fire occurrence/100 km2 of tree cover for all
other ecoregions with the exception of the Mesic
region on the Big Island (MEh), which was 2.7.
In 2019, ecoregions on three other islands had
fire occurrence densities higher than expected,
controlling for variability over the previous 18
years (z-score >1). Three ecoregions had many
more fire occurrences than expected: Lowland/
Leeward Dry ecoregion on Maui (LLDm), Mesic
on Oʻahu (MEo), and Lowland/Leeward Dry
on Kauaʻi (LLDk) (fig. 3.7C). An additional
ecoregion had moderately more fire occurrences
than expected: Lowland Wet on Oʻahu (LWo).

Finally, the 2001–2018 fire occurrence means
and standard deviations were ≤1 for all the
islands of the Caribbean territories of Puerto
Rico and the U.S. Virgin Islands (figs. 3.9A and
3.9B). Only Puerto Rico was outside the range
of near-normal fire occurrence density (z-score
≤-1 or >1) in 2019, having moderately more fire
occurrences than expected (fig. 3.9C).

Geographical Hot Spots of Fire
Occurrence Density
The results presented thus far summarize
the 2019 fire occurrence data at the ecoregion
scale (or by island in the Caribbean territories).
Geographic hot spot analyses, conducted
across the conterminous United States using
analysis units smaller than ecoregions, can
offer additional insights into where, statistically,
fire occurrences are more concentrated than
expected by chance. As noted above, the 2019
wildfire season was relatively mild in the
conterminous States compared to recent years.
The hot spot analysis, however, is limited to a
single year and therefore identifies areas that
have higher-than-expected fire occurrence
densities in 2019 compared to the entire study
region. For 2019, the SASH method detected
two geographic hot spots of very high fire
occurrence density (Gi* >12 and ≤24) as well
as several hot spots of high density (Gi* >6 and
≤12) (fig. 3.10).
The hot spots of very high fire occurrence
density were in southern Arizona (322B–
Sonoran Desert and 321A–Basin and Range)
and in southeastern Georgia (232B–Gulf
Coastal Plains and Flatwoods). Hot spots of
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Figure 3.8—(A) Mean number and
(B) standard deviation of forest fire
occurrences per 100 km2 (10 000 ha)
of tree canopy coverage area from 2001
through 2018, by island/ecoregion
combination in Hawaii. (C) Degree of
2019 fire occurrence density excess or
deficiency by ecoregion relative to 2001–
2018 and accounting for variation over
that time period. 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 Geospatial Technology
and Applications Center using the
2011 National Land Cover Database.
(Source of fire data: U.S. Department of
Agriculture Forest Service, Geospatial
Technology and Applications Center,
in conjunction with the NASA MODIS
Rapid Response group)
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U.S. Virgin
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2019 fire occurrence density z-score
≤-2.00 (many fewer)
-1.99– -1.50 (moderately fewer)
-1.49– -1.00 (slightly fewer)
-0.99–1.00 (near normal)
1.01–1.50 (slightly more)
1.51–2.00 (moderately more)
>2.00 (many more)
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Saint Croix

Figure 3.9—(A) Mean number and (B) standard deviation of forest fire occurrences per 100 km2 (10 000 ha) of forested area from 2001 through 2018,
by island in Puerto Rico and the U.S. Virgin Islands. (C) Degree of 2019 fire occurrence density excess or deficiency by ecoregion relative to 2001–2018
and accounting for variation over that time period. Tree canopy cover is based on data from a cooperative project between the Multi-Resolution Land
Characteristics Consortium (Coulston and others 2012) and the U.S. Department of Agriculture Forest Service, Geospatial Technology and Applications Center
using the 2011 National Land Cover Database.
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Figure 3.10—Hot spots of fire occurrence across the conterminous United States for 2019. Values are Getis-Ord Gi* 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 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 Geospatial
Technology and Applications Center using the 2011 National Land Cover Database. (Source of fire data: U.S. Department of Agriculture Forest
Service, Geospatial Technology and Applications Center, in conjunction with the NASA MODIS Rapid Response group)
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high fire occurrence density were detected
in eastern Kansas (255A–Cross Timbers and
Prairie and 251F–Flint Hills), northeastern
Washington (M333A–Okanogan Highland and
342I–Columbia Basin), north-central California
(262A–Great Valley and M261C–Northern
California Interior Coast Ranges), northern
Arizona (313A–Grand Canyon and 313D–
Painted Desert), and central Arizona (M313A–
White Mountains-San Francisco Peaks-Mogollon
Rim, 313C–Tonto Transition, and 322B–Sonoran
Desert) (fig. 3.10).
Hot spots of moderate fire density in 2019
(Gi* >2 and ≤6) were identified in scattered
locations in the Pacific Coast States, the Rocky
Mountain States, and the Southeast (fig. 3.10).
From west to east, these were detected in:
• Southwestern Oregon (M242A–Oregon and
Washington Coast Ranges)
• East-central California (M261E–Sierra
Nevada)
• South-central Washington (342I–Columbia
Basin)
• Southeastern Oregon and southwestern Idaho
(342C–Owyhee Uplands)
• Northern Idaho (M333D–Bitterroot
Mountains)
• South-central Utah (M341C–Utah
High Plateau)
• South-central Wyoming (342F–Central Basin
and Hills)
• Southeastern New Mexico (M313B–
Sacramento-Monzano Mountains and 315A–
Pecos Valley)

• West-central Texas (315B–Texas High Plains,
315C–Rolling Plains, and 321B–Stockton
Plateau)
• Southeastern Kansas and northeastern
Oklahoma (251F–Flint Hills, 255A–Cross
Timbers and Prairie, and 251E–Osage Plains)
• Southeastern Oklahoma (M231A–Ouachita
Mountains, 231E–Mid Coastal PlainsWestern, and 255A–Cross Timbers and
Prairie)
• Eastern Texas and west-central Louisiana
(234C–Atchafalaya and Red River
Alluvial Plains)
• South-central Louisiana (232F–Coastal Plains
and Flatwoods-Western Gulf and 231E–Mid
Coastal Plains-Western)
• Southeastern Alabama, southern and central
Georgia, southern South Carolina, and
Florida panhandle (232B–Gulf Coastal Plains
and Flatwoods, 232J–Southern Atlantic
Coastal Plains and Flatwoods, 231A–Southern
Appalachian Piedmont, 232C–Atlantic Coastal
Flatwoods, and 232L–Gulf Coastal Lowlands)
• Central and southern Florida (232K–Florida
Coastal Plains Central Highlands, 232D–
Florida Coastal Lowlands-Gulf, 232G–
Florida Coastal Lowlands-Atlantic, and
411A– Everglades)
• South-central North Carolina (231I–Central
Appalachian Piedmont and 232J–Southern
Atlantic Coastal Plains and Flatwoods)
• Southeastern North Carolina (232C–Atlantic
Coastal Flatwoods)
• Eastern North Carolina (232I–Northern
Atlantic Coastal Flatwoods)

CONCLUSIONS
In 2019, the number of MODIS satellitedetected forest fire occurrences recorded for the
conterminous States was uncharacteristically
small compared to recent years: the fifth fewest
in 19 full years of data collection and the least
since 2005. Alaska, however, experienced a
particularly severe fire season, with the most
fire occurrences since 2005. The relatively low
densities of fire occurrences in the conterminous
48 States were attributable at least in part to
mild conditions in the early summer, while
Alaska experienced extremely hot and dry
conditions in June and July.
Ecoregions in southwestern Idaho, central
California, and eastern Kansas had the highest
forest fire occurrence densities. Geographic hot
spots of very high fire occurrence density were
detected in southern Arizona and southeast
Georgia. Most of the conterminous United
States experienced near-normal fire occurrence
densities in 2019, compared to the previous 18year mean and accounting for variability over
time, although a few ecoregions in the Northeast
and scattered elsewhere had significantly
higher fire occurrence densities than normal.
Meanwhile, much of Alaska had much higher
fire occurrence densities than normal. In Hawaii,
ecoregions in Maui, Oʻahu, and Kauaʻi had
many more fire occurrences than expected.
In the Caribbean, the island of Puerto Rico
had moderately more fire occurrences than a
normal year.

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.
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

I

n forests, droughts can cause considerable tree
stress, particularly when they coincide with
periods of abnormally hot weather, i.e., heat
waves (L.D.L. Anderegg and others 2013, Peters
and others 2015, Williams and others 2013).
Trees and other plants respond to this stress
by restricting fundamental growth processes.
Photosynthesis, which is less sensitive than
other fundamental processes, decreases slowly
at low levels of drought stress but decreases
more rapidly as the stress becomes more severe
(Kareiva and others 1993, Mattson and Haack
1987). Ultimately, prolonged drought stress
can lead to failure of a tree’s hydraulic system,
resulting in crown death and subsequent tree
mortality (Choat and others 2018). Evidence
suggests that large trees are more sensitive to
drought stress than small trees, experiencing
comparatively higher rates of growth decline
and mortality (Bennett and others 2015). In
addition, 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 increase wildfire
risk by inhibiting organic matter breakdown
and diminishing the moisture content of down
woody debris and other potential fire fuels
(Clark 1989, Collins and others 2006, Keetch
and Byram 1968, Schoennagel and others 2004,
Trouet and others 2010). Although relationships
between fire occurrence and drought are
complex at a regional scale, projections of
greater drought frequency and severity under

a warming climate suggest that wildfires will
become increasingly prevalent and extensive
in many U.S. forest systems, especially in the
Western United States (Abatzoglou and Williams
2016, Dennison and others 2014, Littell and
others 2016).
Ecologists are inconsistent in how they
define the concept of drought and disagree
about how best to measure its severity (Slette
and others 2019, 2020; Zang and others 2020).
One general and widely accepted definition that
applies to forests is that a drought is a period of
precipitation deficit that persists long enough to
deplete available soil water, leading to impacts
on trees and other plants; in some cases, these
impacts include injury or death (Anderegg and
others 2012, Hanson and Weltzin 2000). By
this definition, droughts affect most forests in
the United States, although drought frequency,
timing, and intensity vary between geographic
regions (Hanson and Weltzin 2000). These
variations characterize the regions’ predominant
drought regimes. Because they receive most
of their precipitation during a relatively brief
period of 2–3 months, most forests in the
Western United States experience seasonal
droughts each year. By comparison, forests in
the Eastern United States usually exhibit one
of the following drought patterns: random (i.e.,
occurring at any time of year) but occasional
droughts, as observed in the Appalachian
Mountains and the Northeast, or frequent latesummer droughts, as commonly observed in the
Southeastern Coastal Plain and the eastern Great
Plains (Hanson and Weltzin 2000).
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Most forests are resistant to short-term
droughts, although individual tree species vary
in their degree of drought tolerance (Archaux
and Wolters 2006, Berdanier and Clark 2016,
Peters and others 2015). Because of this
resistance, drought duration may be a more
critical factor for forests than drought intensity
(Archaux and Wolters 2006). For example,
forests that endure multiple consecutive years
of drought are much more likely to experience
high tree mortality or other negative impacts
than forests subject to a single year of extreme
drought (Bigler and others 2006, Guarín and
Taylor 2005, Jenkins and Pallardy 1995, Millar
and others 2007). Indeed, a 1-year drought is
likely brief enough that any impacts on tree
growth and function are still reversible for
most forests (Bigler and others 2006). Stated
differently, forests may have to undergo a
prolonged period of comparatively intense
drought conditions before they encounter effects
like those observed with shorter term droughts
in other (e.g., rangeland) systems. Thus, a
comprehensive evaluation of drought impact
in forests should include analysis of moisture
conditions over multiyear time windows.
Such an approach has been rare among
similarly broad-scale assessments (Norman and
others 2016).
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 Oceanic
and Atmospheric Administration’s National
Centers for Environmental Information (e.g.,
Vose and others 2014) or the U.S. Drought
Monitor program (Svoboda and others 2002).
The primary inputs are gridded climate data
(i.e., monthly raster maps of precipitation 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 uses
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 more straightforward
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 2019), thereby providing the
11th installment in an ongoing series of annual
drought assessments for the conterminous
United States (Koch and Coulston 2015, 2016,
2017, 2018, 2019, 2020; Koch and others 2013a,
2013b, 2014, 2015).

This is the sixth 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, Martínez-Vilalta and others 2012, Peng
and others 2011, Williams and others 2013)
has usually focused on reports of regional-scale
forest decline and mortality due to persistent
drought conditions, surplus moisture availability
can also be damaging 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 caused by a macroscale climatic pattern
such as the El Niño-Southern Oscillation),
either of which may lead to tree dieback and
mortality (Rozas and García-González 2012,
Rozas and Sampedro 2013). Such impacts
have been observed in tropical, temperate, and
boreal forest systems (Hubbart and others 2016,
Laurance and others 2009, Rozas and GarcíaGonzález 2012). For example, larch (Larix)
species that predominate in eastern Siberian
forests appear to be drought-resistant yet highly
sensitive to excessively wet conditions (Tei and
others 2019). While surplus-induced impacts
in forests may not be as common as droughtinduced impacts, a single index that depicts
moisture surplus as well as deficit conditions
provides a more complete indicator 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 2020). At the time of these analyses,
gridded datasets were available for all years
from 1895 to 2019. The spatial resolution of
the grids was approximately 4 km (cell area
= 16 km2). 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 km2) 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
(in particular, see Koch and others 2013b), 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 water available 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
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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). Potential
evapotranspiration serves as a basic measure of
moisture demand. By incorporating 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 monthly
potential evapotranspiration (PET) grids
using Thornthwaite’s formula (Akin 1991,
Thornthwaite 1948):
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PETm = 1.6Ll m(10

Tm
I

)a

(1)

where
PETm = the potential evapotranspiration for
a given month m in cm
Llm = a correction factor for the mean
possible duration of sunlight during month
m for all locations (i.e., grid cells) at a
particular latitude l (see Table V in
Thornthwaite [1948] for a list of L correction
factors by month and latitude)

Tm = the mean temperature for month m in
degrees C
I = an annual heat index ranging
from 0 to 160, calculated as
12

I=∑
m=1

( )
Tm
5

1.514

, where Tm is the mean

temperature for each month m of the year
a = an exponent calculated as a =
6.75 ×10-7I3 – 7.71 × 10-5I2 + 1.792 × 10-2I +
0.49239 (see Appendix I in Thornthwaite
[1948] regarding calculation of I and the
empirical derivation of a in relation to I)
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 potential
evapotranspiration such as the PenmanMonteith 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 Tm 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., 1920–2019) 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

0

(2)

, 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 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 “meanof-months” approach limits the ability of shortterm 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., 1920–
2019), we used the mean-of-months approach
to calculate moisture index grids for three
different time windows: 1 year (MI1′), 3 years
(MI3′), and 5 years (MI5′). Briefly, the MI1′ 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 MI3′ grids are the mean
of the 36 monthly grids from January of 2 years
prior through December of the target year, and
the MI5′ grids are the mean of the 60 consecutive
monthly MI′ grids from January of 4 years prior
through December of the target year. Thus, the
MI1′ grid for the year 2019 is the mean of the
monthly MI′ grids from January to December
2019, while the MI3′ grid is the mean of the grids
from January 2017 to December 2019, and the
MI5′ grid is the mean of the grids from January
2015 to December 2019.

Annual and Multiyear Drought Maps
To determine degree of departure from
typical moisture conditions, we first created
a normal grid, MIi′norm, for each of our three
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time windows, representing the mean (i.e.,
the mean value for each grid cell) of the 100
corresponding moisture index grids (i.e., the
MI1′, MI3′, or MI5′ grids, depending on the
window; see fig. 4.1). We also created a standard
deviation grid, MIi′SD, for each time window,
calculated from the window’s 100 individual
moisture index grids as well as its MIi′norm grid.
We subsequently calculated moisture difference
z-scores, MDZij, for each time window using
these derived datasets:
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MDZ ij =

MI'ij – MI'i norm
MI'i SD

(3)

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., 1920–2019)
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
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 2019.

RESULTS AND DISCUSSION
The 100-year (1920–2019) mean annual
moisture index, or MI1′norm, grid (fig. 4.1)
provides an overview of long-term moisture
regimes in the conterminous United States.
(The 100-year MI3′norm and MI5′norm grids were
very similar to the mean MI1′norm grid, and so
are not shown here.) Wet climates (MI′ >0) are
typical in the Eastern United States, especially
the Northeast. An exception worth noting is
southern Florida, primarily ecoregion sections
(Cleland and others 2007) 232D–Florida Coastal
Lowlands-Gulf, 232G–Florida Coastal LowlandsAtlantic, and 411A–Everglades. This region
appears to be dry relative to other parts of the
East. This 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 level of temperaturedriven evapotranspiration, especially during the
late spring and summer months, resulting in
negative MI′ values. This differs from the pattern

Annual moisture index
100-year mean (1920–2019)
≤ -0.7
-0.699– -0.5
-0.499– -0.3
-0.299– -0.1
-0.099–0.1
0.101–0.3
0.301–0.5
0.501–0.7
> 0.7
Forested areas
Ecoregion section
boundary
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Figure 4.1—The 100-year (1920–2019) mean annual moisture index, or MI1 norm , 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 Moderate Resolution Imaging Spectroradiometer
(MODIS) imagery by the U.S. Department of Agriculture Forest Service, Remote Sensing Applications
Center. (Data source: PRISM Climate Group, Oregon State University)

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

Frequency

≤-2

Extreme drought

2.3%

-1.999 to -1.5

Severe drought

4.4%

-1.499 to -1

Moderate drought

9.2%

-0.999 to -0.5

Mild drought

15%

-0.499 to 0.5

Near normal conditions

0.501 to 1

Mild moisture surplus

1.001 to 1.5

Moderate moisture surplus

9.2%

1.501 to 2

Severe moisture surplus

4.4%

>2

Extreme moisture surplus

2.3%

38.2%
15%

observed in the driest parts of the Western
United States, especially the Southwest (e.g.,
sections 322A–Mojave Desert, 322B–Sonoran
Desert, and 322C–Colorado Desert), where
potential evapotranspiration is very high, as in
southern Florida, but precipitation levels are
typically very low. In fact, because 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. In part, this is driven
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 2019 for the conterminous
United States. A striking feature of the map is
the presence of moisture surplus conditions
across much of the country. Nationally, 2019
was the second-wettest year since 1895,
and several States had their wettest years
on record, including Michigan, Wisconsin,
and Minnesota (NOAA NCEI 2020a, 2020b).
Although contiguous areas of extreme moisture
surplus (MDZ >2) were extensive, many of
them occurred in portions of the conterminous
United States with little forest cover, such as the
Northern Great Plains and the Desert Southwest.
But, a few places that were extremely wet in
2019 do have significant forest cover, including
eastern Maine (ecoregion sections 211B–Maine New Brunswick Foothills and Lowlands and
211C–Fundy Coastal and Interior), the Great
Lakes region (e.g., 212H–Northern Lower
Peninsula, 212T–Northern Green Bay Lobe,
and 222R–Wisconsin Central Sands), the Ozark
Mountains (M223A–Boston Mountains), and
the Black Hills (M334A). Another contiguous
area of moderate to extreme surplus (MDZ >1)
extended into northeastern and central Texas,
most notably into forested portions of ecoregion
sections 315G–Eastern Rolling Plains, 255E–
Texas Cross Timbers and Prairie, 255B–Blackland
Prairie, and 255C–Oak Woods and Prairie. These
sections, which fall in a transition zone between
wet and dry moisture regimes (see fig 4.1),
experienced high levels of forest mortality in
the years after a historically exceptional drought
affected Texas in 2011 (Moore and others 2016).

Moisture difference
z-score (MDZ)
≤-2 (extreme drought)
-1.999– -1.5 (severe drought)
-1.499– -1 (moderate drought)
-0.999– -0.5 (mild drought)
-0.499–0.5 (near normal)
0.501–1 (mild surplus)
1.001–1.5 (moderate surplus)
1.501–2 (severe surplus)
> 2 (extreme surplus)
Forested areas
Figure 4.2—The 2019 annual (i.e., 1-year) moisture difference z-score, or MDZ, for the conterminous
Ecoregion section
boundary
United States. Ecoregion section (Cleland and others 2007) boundaries and labels are included for reference.

2019

Forest cover data (overlaid green hatching) derived from Moderate Resolution Imaging Spectroradiometer
(MODIS) imagery by the U.S. Department of Agriculture Forest Service, Remote Sensing Applications Center.
(Data source: PRISM Climate Group, Oregon State University)

93

SECTION 1 Chapter 4
Forest Health Monitoring

94

Areas of mild to moderate drought were
scattered across the Southeastern and MidAtlantic United States in 2019 (fig. 4.2). Very
small clusters of severe to extreme drought
(MDZ ≤-1.5) occurred in the western portion of
section M331G–South Central Highlands and
at the northwestern tip of M242A–Oregon and
Washington Coast Ranges. Both of these hot
spots co-occurred with more widespread, but
mild, drought conditions in nearby areas. The
largest hot spot of severe to extreme drought
during 2019 was in southern Texas, although
this hot spot affected only one ecoregion section
(315D–Edwards Plateau) with a significant
amount of forest.
The 2019 MDZ map is consistent with
summary metrics reported for the year (NOAA
NCEI 2020b). According to the U.S. Drought
Monitor, the percentage of conterminous U.S.
area experiencing drought conditions reached
an annual low of 2.3 percent in April, following
a wet start to the year. The percentage of
drought area peaked at 21.2 percent in October,
after an unusually hot summer (and increased
evapotranspiration) worsened conditions
across the southern half of the conterminous
United States. However, the percentage of
drought area fell to 11.2 percent by the end
of 2019, facilitated by wet conditions in the
Southwest during November and December. The
only parts of the country where precipitation
levels for the year were much below average
were southern Texas and coastal portions of
Washington and Oregon (NOAA NCEI 2020a).
These account for two of the three drought hot
spots observed in the 2019 MDZ map (fig. 4.2).

By contrast, the 2018 MDZ map (fig. 4.3)
shows a more pronounced dichotomy in
moisture conditions between the eastern
and western halves of the country. Surplus
conditions were prevalent in the Eastern United
States during 2018, with the exception of
northern New England and southern Florida;
indeed, the only sizeable cluster of severe
to extreme drought was in section 411A–
Everglades. In the Western United States,
most forested areas were subjected to mild
or worse drought conditions (MDZ ≤-0.5),
although contiguous areas of severe to extreme
drought were mostly limited to the central
Rocky Mountains (e.g., M331G–South Central
Highlands and M331I–Northern Parks and
Ranges, both of which are heavily forested)
and the Pacific Northwest (primarily M242B–
Western Cascades).
The preponderance of near-normal to
surplus conditions across the West in 2019
(fig. 4.2) relative to 2018 (fig. 4.3) may suggest
an improved outlook for some areas that
recently have experienced substantial forest
health impacts due to drought, such as the
central and southern Sierra Nevada Mountains
(Fettig and others 2019). Nonetheless, any
improvement is probably short-lived. The
relatively wet conditions in 2019 obscure the
fact that temperatures were above average for
much of the conterminous United States; for
the Southeast, it was the warmest year since
1895 (NOAA NCEI 2020a, 2020b). This accords
with a steady warming trend since the 1970s
that has been observed worldwide (Rahmstorf
and others 2017). Under a warming climate,

Moisture difference
z-score (MDZ)
≤ -2 (extreme drought)
-1.999– -1.5 (severe drought)
-1.499– -1 (moderate drought)
-0.999– -0.5 (mild drought)
-0.499–0.5 (near normal)
0.501–1 (mild surplus)
1.001–1.5 (moderate surplus)
1.501–2 (severe surplus)
> 2 (extreme surplus)
Forested areas
Figure 4.3—The 2018 annual (i.e., 1-year) moisture difference z-score, or MDZ, for the conterminous
Ecoregion section
United States. Ecoregion section (Cleland and others 2007) boundaries and labels are included for reference.
boundary

2018

Forest cover data (overlaid green hatching) derived from Moderate Resolution Imaging Spectroradiometer
(MODIS) imagery by the U.S. Department of Agriculture Forest Service, Remote Sensing Applications Center.
(Data source: PRISM Climate Group, Oregon State University)
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drought frequency, severity, and duration
are expected to increase, particularly in the
Western United States (Peltier and Ogle 2019,
Williams and others 2013). Indeed, warmer
temperatures have already shown the capacity
to magnify moderate drought conditions into
“megadroughts” that can have devastating
impacts on forest systems (Brodribb and others
2020, Williams and others 2020). They have also
triggered severe droughts in parts of the West
where they have been relatively infrequent,
including the Pacific Northwest (Marlier and
others 2017).
Despite the amplifying effect of a warming
climate, the Eastern United States has recorded
few instances of persistent and intense drought
in recent years. Generally, when such conditions
have developed, they have been limited in
geographic extent. Examples of this are captured
in the 3-year (2017–2019; fig. 4.4) and 5-year
(2015–2019; fig. 4.5) MDZ maps. With respect
to the Eastern United States, the only sizeable
hot spots of moderate or worse drought
conditions (MDZ ≤-1) that appeared in both
the 3- and 5-year MDZ maps were in sections
411A–Everglades and 232G–Florida Coastal
Lowlands-Atlantic, although the latter hot spot
was in an area with limited forest cover. Another
small area of moderate or worse drought
conditions occurred along the northern border
of Maine (section M211A–White Mountains).
Elsewhere in the East, scattered areas that
exhibited moderate or worse drought conditions
in one map had mild drought or near-normal

conditions in the other, supporting the notion
that prolonged drought has rarely been a
concern in recent years for Eastern U.S. forests.
In the Western United States, most forested
areas outside of the Four Corners region showed
lower MDZ values in the 5-year map (fig. 4.5)
than in the 3-year map (fig. 4.4). This indicates
recent, albeit modest, improvement in moisture
conditions for areas such as the northern Rocky
Mountains (e.g., sections M333B–Flathead
Valley and M333D–Bitterroot Mountains)
and the Cascade Range (e.g., M242B–Western
Cascades and M261B–Southern Cascades).
Nevertheless, the practical significance of
such changes is downplayed considerably by
a historical record of chronic drought in many
parts of the West extending back 3 or more
decades (Clark and others 2016), as well as the
aforementioned future projections of increased
drought impacts in Western U.S. forests
(Williams and others 2013).
With respect to moisture surplus conditions,
the 3-year (fig. 4.4) and 5-year (fig. 4.5) MDZ
maps depict disparity between the northern and
southern halves of the conterminous United
States as well as between the East and West.
From the Rocky Mountains westward, the
maps show only a handful of areas of severe
to extreme moisture surplus (MDZ >1.5);
furthermore, the locations where those surpluses
persisted for 5 years (i.e., the northern portion
of 341A–Bonneville Basin and the southwestern
corner of 342B–Northwestern Basin and Range)
contain little forest. In the Eastern United States,

Moisture difference
z-score (MDZ)
≤ -2 (extreme drought)
-1.999– -1.5 (severe drought)
-1.499– -1 (moderate drought)
-0.999– -0.5 (mild drought)
-0.499–0.5 (near normal)
0.501–1 (mild surplus)
1.001–1.5 (moderate surplus)
1.501–2 (severe surplus)
> 2 (extreme surplus)
Forested areas
Ecoregion section
boundary
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2017–2019
Figure 4.4—The 2017–2019 (i.e., 3-year) moisture difference z-score ( MDZ) for the conterminous
United States. Ecoregion section (Cleland and others 2007) boundaries are included for
reference. Forest cover data (overlaid green hatching) derived from Moderate Resolution Imaging
Spectroradiometer (MODIS) imagery by the U.S. Department of Agriculture Forest Service, Remote
Sensing Applications Center. (Data source: PRISM Climate Group, Oregon State University)
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Moisture difference
z-score (MDZ)
≤ -2 (extreme drought)
-1.999– -1.5 (severe drought)
-1.499– -1 (moderate drought)
-0.999– -0.5 (mild drought)
-0.499–0.5 (near normal)
0.501–1 (mild surplus)
1.001–1.5 (moderate surplus)
1.501–2 (severe surplus)
> 2 (extreme surplus)
Forested areas
Ecoregion section
boundary

2015–2019
Figure 4.5—The 2015–2019 (i.e., 5-year) moisture difference z-score (MDZ) for the conterminous United States.
Ecoregion section (Cleland and others 2007) boundaries are included for reference. Forest cover data (overlaid
green hatching) derived from Moderate Resolution Imaging Spectroradiometer (MODIS) imagery by the U.S.
Department of Agriculture Forest Service, Remote Sensing Applications Center. (Data source: PRISM Climate
Group, Oregon State University)

areas of moisture surplus were more common
than areas of drought. Contiguous areas of
severe to extreme surplus were scattered across
much of the Southeast, although the clusters
were smaller on average in the 3-year MDZ
map (fig. 4.4) than in the 5-year map (fig. 4.5).
More noteworthy is the nearly continuous
swath of extreme moisture surplus (MDZ >2)
shown in the 3-year map, which extended from
section 331D–Northwestern Glaciated Plains to
232A–Northern Atlantic Coastal Plain. Although
some areas in this swath are sparsely forested,
it encompassed a number of forested sections
in the Great Lakes region (e.g., 211F–Northern
Glaciated Allegheny Plateau, 211G–Northern
Unglaciated Allegheny Plateau, 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, 221E–Southern Unglaciated
Allegheny Plateau, and 222R–Wisconsin
Central Sands). Although the 3-year and 5-year
maps are relatively short-term depictions, the
observations described above are in line with
historical trends and future projections: since
the mid-1900s, the Midwest and Northeast
have experienced greater numbers of extreme
precipitation events than other parts of the
country, and that trend is expected to continue
under a warming climate (Swanston and others
2018). In combination with milder winters, this
could lead to increased frequency and severity
of flooding.

Localized damage due to flooding is typical
in U.S. forests, but other impacts related to
prolonged surpluses are not fully understood.
Recent research has suggested that persistent
excess moisture can increase vulnerability
of forests to pathogens and other diseasecausing agents (Hubbart and others 2016).
In particular, these agents may be enabled
during times of high climatic variability, such as
when a period of drought occurs immediately
before or after a period of moisture surplus,
or when wet and warm conditions co-occur
(Hubbart and others 2016). In fact, rapid swings
between drought and surplus conditions may
induce tree mortality directly (Tei and others
2019). This argues for continued monitoring
of forested areas that experience persistent
moisture surpluses.

Future Efforts
The 1-year, 3-year, and 5-year MDZ maps
of the conterminous United States are a
recurring component of national forest health
reporting. For interpretive purposes, it is critical
to understand their limitations. Most notably,
the MDZ approach omits certain factors that
influence a location’s moisture supply at finer
spatial scales, such as winter snowpack, surface
runoff, or groundwater storage. Furthermore,
while the maps use a standardized index scale
that can be used with time windows of any
size, it is still important to choose a window size
that is analytically appropriate. For example,
an extreme drought that lasts for 5 years will
have different forest health ramifications than
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an extreme drought that ends after only 1
year. While the 1-year, 3-year, and 5-year MDZ
maps provide a reasonably complete shortterm picture, a region’s longer term moisture
trajectory may also be meaningful with respect
to forest health. For instance, in regions where
droughts have been frequent historically, some
tree species are better drought-adapted than
others (McDowell and others 2008). In any case,
long periods of persistent moisture extremes
could lead to eventual changes in regional
forest composition (McEwan and others 2011,
Mueller and others 2005). Such changes are
likely to affect 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 the
future, we hope to deliver quantitative evidence
to forest managers and other decision makers
regarding relationships between moisture
extremes and significant forest health impacts
such as regional-scale tree mortality (e.g.,
Edgar and others 2019, Mitchell and others
2014); ascertaining such relationships can be
challenging, especially at broader spatial scales.
Nevertheless, we also intend to investigate 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

T

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 or stress
from large-scale regional weather events, such as
severe droughts. 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 Western States
are based on less than a complete cycle of
remeasurement. Working from an incomplete
cycle of remeasurement, the effective sampling
intensity for growth and mortality estimates
is significantly lower than FIA’s standard of
one plot per 6,000 acres (table 5.1). Therefore,
the sampling error percentage on growth and
mortality estimates tends to be large. Results
are not presented for ecoregion sections where
fewer than 25 plots had been remeasured or
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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 (based on the
proportion of plots that had been remeasured) in the
available datasets
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State
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Time period

Effective sample intensity

Arizona

2001–2018

one plot: 7,500 acres

California

2001–2017

one plot: 8,571 acres

Colorado

2002–2018

one plot: 8,571 acres

Idaho

2004–2018

one plot: 12,000 acres

Montana

2003–2018

one plot: 10,000 acres

Nevada

2004–2018

one plot: 12,000 acres

New Mexico

2005–2018

one plot: 15,000 acres

Oregon

2001–2017

one plot: 7,500 acres

Utah

2000–2018

one plot: 6,667 acres

Washington

2002–2017

one plot: 10,000 acres

Wyominga

2000–2018

one plot: 7,500 acres

METHODS
The Forest Inventory and Analysis program
calculates the annual growth, mortality, and
removal volume on each plot over the interval
between repeated measurements.1 These values
are stored in the FIA Database (version 8.0)
(Burrill and others 2018). EVALIDator (ver.
1.8.0.01), an online tool for querying the FIA
Database and generating area-based reports
on forest characteristics (USDA Forest Service,
FIA program 2019), was used to obtain annual
gross growth2 rates and mortality rates over the
most recent measurement cycle for each of 113
ecoregion sections (Cleland and others 2007,
McNab and others 2007) covering the Eastern
and Central United States and 23 ecoregion
sections in the Western3 United States. For most
States, the most recent cycle of available data
ran through 20184 (e.g., data collected from
2012 through 2018).

a Mortality estimates for Wyoming are based on a comparison of
annualized inventory data with data from the final periodic inventory.

where the percentage of error was unacceptably
high. Nevertheless, results presented for the
West should be viewed 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.

1 For a detailed explanation of how FIA calculates
annualized growth, mortality, and removals, see Pugh and
others (2018).
2 Gross growth represents the increase in tree volume
without adjusting for the volume of trees that died (i.e.,
mortality volume) in the ecoregion.
3 At the time that this analysis was being completed, the
method for estimating growth in the Interior West was
different from that used in the rest of the United States.
Because this would lead to results that would not be
comparable to those in the rest of the United States, Interior
West data were excluded and MRATIOs were only calculated
for the West Coast States.
4 Overall, the most recent data available for any State ranged
from 2016 to 2019.
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Ecoregion section boundary
Forest cover
Eastern and Central States
Western States

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 most Western States, mortality was analyzed using a partial cycle of remeasurements,
and results there should be considered preliminary. Forest cover was derived from Moderate Resolution Imaging Spectroradiometer (MODIS) satellite
imagery (USDA Forest Service 2008).
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To compare mortality across forest types and
climate zones, the ratio of annual mortality
to gross 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. Therefore, mortality
as a percentage of total live volume also
was calculated:
Mortality percent = m / vl * 100
where
m = annual mortality (cubic feet per year)

Forest Health Monitoring

108

vl = total live tree volume (cubic feet)
When both this mortality percentage and the
MRATIO are high, it suggests a possibly serious
forest health concern.
To identify causal agents for the observed
mortality, EVALIDator was also used to
summarize by the reported “cause of death”
associated with the observed mortality. Causes
of death are reported as general categories
(e.g., insects, fire, weather). For each ecoregion
with a high MRATIO, EVALIDator was used to
generate a table of annual mortality volume
by FIA species group (Burrill and others 2018)
and cause of death. From these tables, it is

possible to make reasonable assumptions about
the particular insects or diseases that may be
affecting particular regions. Care must be used in
interpreting these causes because tree mortality
actually may be caused by a combination of
factors (e.g., drought and insects). Further
information about the causes 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 due to both the difference
in timing when mortality is recorded and
difficulty matching plot locations with aerial
survey mortality polygons. However, aerial
survey information has been incorporated into
the discussion by referencing State Forest Health
Highlights, which reflect in large part the results
of aerial surveys.
In addition, mortality rates were derived for
each forest type group (Burrill and others 2018,
USDA Forest Service 2008) for each ecoregion
section. At times, identifying the forest type
experiencing high mortality can be more useful
than identifying the species group, especially
when the cause of death is abiotic.

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 ecoregion sections

M242D

332A
331M

M334A
M261C

331F

332D
222U

332C

341D
M261E
M261F

222H

M262A

2B
M26

MRATIO
0.043–0.300
0.301–0.600
0.601–0.900
0.901–1.200
1.201–2.267
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321B

255C

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 unavailable or insufficient for gray areas. (Data source: U.S. Department of Agriculture Forest Service, Forest Inventory and
Analysis program)

with the highest MRATIOs are labeled on the
map. In the discussion that follows, the focus is
placed on the ecoregions having MRATIOs >0.6.
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Eastern and Central States
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The highest MRATIOs occurred in ecoregion
sections 331F–Western Great Plains (MRATIO =
0.97) in South Dakota and Nebraska and
M334A–Black Hills (MRATIO = 1.33). Other
areas of high mortality relative to growth on
the Great Plains were ecoregion sections 332C–
Nebraska Sand Hills (MRATIO = 0.71) and
332D–North-Central Great Plains (MRATIO =
0.70) in South Dakota and Nebraska, 331M–
Missouri Plateau (MRATIO = 0.73) in North
and South Dakota, and 332A–Northeastern
Glaciated Plains (MRATIO = 0.86) in North
Dakota. In these Great Plains ecoregion sections
where mortality is high relative to growth, the
predominant vegetation is grassland. Although
the ecoregion sections are quite large, there
was relatively little forest land to measure (e.g.,
64 forested plots in section 332A and 87 plots
in region 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 ecoregion section M334A–Black Hills
(MRATIO = 1.33), the vast majority (93 percent)
of mortality occurred in the ponderosa and
Jeffrey pine species group. For the entire
ecoregion section, 76 percent of mortality
was caused by insects, while 14 percent was

caused by fire (table 5.2); for ponderosa (Pinus
ponderosa) and Jeffrey pine (P. jeffreyi), insects
and fire were responsible for 74 and 16 percent
of mortality, respectively. Mortality in this
ecoregion is most likely related to mountain pine
beetle (Dendroctonus ponderosae). There had been
an ongoing pine beetle outbreak in the Black
Hills region (Ball and others 2015, 2016; South
Dakota Department of Agriculture 2011, 2012,
2013, 2014), though pine beetle activity has
declined dramatically in the region since 2015
(Ball and others 2017, Wyoming State Forestry
Division 2017). The pine beetle outbreak has
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.
In ecoregion section 331F–Western Great
Plains (MRATIO = 0.97), fire caused 64 percent
of mortality; another 19 percent of mortality was
weather-related (table 5.2). In this ecoregion
section, most of the mortality (about 86 percent)
occurred in the ponderosa and Jeffrey pine
species group. In this species group, 64 percent
of mortality was due to fire and 22 percent was
due to adverse weather. Only 7 percent of pine
mortality was related to insects.
The majority of the mortality in ecoregion
332A–Northeastern Glaciated Plains (MRATIO =
0.86) of North Dakota was split between the
cottonwood and aspen (49 percent), white oak
(24 percent), and other eastern soft hardwoods
(18 percent) species groups. About 37 percent of

Table 5.2—Ecoregion sections in Eastern and Central States having the highest mortality relative to growth (MRATIO),
annual mortality and growth rates, and associated causes of mortality

Ecoregion section

Average annual
mortality

Average annual
gross growth

MRATIO

Major causes of mortality

------- cubic feet per year ------M334A–Black Hills

49,178,883

37,114,310

1.33

Insects (76%), fire (14%)

331F–Western Great Plains

12,075,815

12,396,781

0.97

Fire (64%), weather-related (19%)

255C–Oak Woods and Prairies

133,746,975

140,657,294

0.95

Weather-related (67%), disease (18%)

8,025,426

9,296,699

0.86

Weather-related (37%), animals (13%)

332A–Northeastern Glaciated Plains
321B–Stockton Plateau

8,149,276

9,953,146

0.82

Weather-related (69%), fire (30%)

331M–Missouri Plateau

6,393,366

8,777,223

0.73

Weather-related (71%)

332C–Nebraska Sand Hills

10,008,123

14,059,636

0.71

Insects (36%)

332D–North-Central Great Plains

7,993,301

11,460,800

0.70

Fire (39%), insects (19%), disease (18%)

222U–Lake Whittlesey Glaciolacustrine Plain

44,588,109

67,460,158

0.66

Insects (67%)

222H–Central Till Plains-Beech-Maple

111,024,790

176,893,434

0.63

Insects (51%)

the mortality overall (table 5.2) and 38 percent
of cottonwood/aspen (Populus spp.) mortality
was related to adverse weather. 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).
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. About 13 percent of mortality was
attributed to animals; almost all of this occurred
in the cottonwood/aspen species group.

In ecoregion 331M–Missouri Plateau
(MRATIO = 0.73), about 72 percent of
the mortality (by volume) occurred in the
cottonwood and aspen species group. About
71 percent of total mortality (table 5.2) and
90 percent of cottonwood/aspen mortality
was identified as weather-related. 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
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2016). As mentioned above, cottonwood
canker fungi have been identified as a problem
throughout North Dakota (North Dakota Forest
Service 2014, 2015) and may be contributing to
the observed cottonwood mortality.
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In ecoregion 332C–Nebraska Sand Hills
(MRATIO = 0.71), about 45 percent of the
mortality occurred in the cottonwood and
aspen species group. About 36 percent of
total mortality (table 5.2) and 30 percent of
cottonwood/aspen mortality was due to insects.
However, the cause of the majority of overall
mortality (51 percent) as well as cottonwood/
aspen mortality (68 percent) was classified as
“unknown/other.”
In 332D–North-Central Great Plains
(MRATIO = 0.70), 39 percent of mortality was
due to fire, while insects were responsible
for 19 percent of mortality, and 18 percent of
mortality was attributed to diseases (table 5.2).
Mortality was high in multiple species groups,
including the white oak, ponderosa and Jeffrey
pine, other eastern softwoods, and other eastern
soft hardwoods species groups. The majority of
oak (Quercus spp.) and pine mortality was due
to fire (74 percent and 65 percent, respectively).
Disease was the major cause of mortality in
the other eastern soft hardwoods species group
(63 percent of mortality). 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, 2018), bur oak blight (Tubakia
iowensis), and Dutch elm disease (Ophiostoma
novo-ulmi) (Ball and others 2017, 2018).

Mortality relative to growth was also rather
high (MRATIO = 0.66) in ecoregion section
222U–Lake Whittlesey Glaciolacustrine Plain.
There, the majority of the mortality (67 percent)
was ash (Fraxinus spp.). About 67 percent
of mortality in that ecoregion section was
caused by insects (table 5.2), and insects were
responsible for 98 percent of ash mortality.
Most of this mortality was 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). In fact, emerald ash borer
has caused the death of the “vast majority”
of native ash in northwestern Ohio (Ohio
Department of Natural Resources, Division of
Forestry 2016, 2017).
Similarly, in the adjacent ecoregion section
222H–Central Till Plains-Beech-Maple
(MRATIO = 0.63) in Ohio and Indiana, much
of the mortality (53 percent) was ash, and
96 percent of ash mortality was due to insects
(table 5.2), most likely emerald ash borer.
Indeed, emerald ash borer has been confirmed
throughout the ecoregion as well as throughout
Indiana (Marshall, 2017, 2018; Ohio Department
of Natural Resources, Division of Forestry
2016, 2017). For species other than ash, the
mortality-causing agent was most frequently
not identified.
Ecoregion section 255C–Oak Woods and
Prairies in Texas also had relatively high
mortality (MRATIO = 0.95). About 49 percent

of the mortality occurred in the red and white
oak species groups, and another 18 percent
occurred in the loblolly and shortleaf pine
species group. The majority (67 percent) of
mortality in this ecoregion section was identified
as weather-related (table 5.2). Weather was
responsible for 72 percent of oak mortality and
43 percent of pine mortality. A record-setting
drought in 2011 affected Oklahoma and Texas
(Oklahoma Forestry Services 2014, 2015, 2016).
It 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
18 percent of mortality (table 5.2). Disease was
reported as responsible for 24 percent of oak
mortality; fire was responsible for 41 percent
of pine mortality. Oak wilt has been a major
problem in oak woodlands in central Texas
(Smith 2014; Texas A&M Forest Service 2015,
2016, 2019) and probably contributed to the red
and white oak mortality. Pine engraver beetle
(Ips spp.) has been a problem in Texas’ pine
forests and may have contributed to mortality
in the loblolly and shortleaf pine species group
(Smith 2014; Texas A & M Forest Service 2015,
2016, 2017).
In ecoregion 321B–Stockton Plateau
(MRATIO = 0.82), 69 percent of mortality
was related to adverse weather, and another
30 percent was due to fire (table 5.2). About
89 percent of mortality occurred in the western
woodland softwoods species group. Most of this
mortality probably was related to the previously
discussed drought that affected Texas beginning
in 2011.

Western States
As mentioned above, in all Western
States, less than the full panel 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
18 years.
For a large portion of the West, no MRATIO
has been presented. At the time this chapter
was being written, the Interior West FIA region
used a different method for estimating growth
than the rest of the country. Thus, MRATIOs
calculated for Interior West States were not
comparable to values from the rest of the
country, and no MRATIOs were presented for
ecoregions in those States. MRATIOs were also
not calculated for some ecoregions in West Coast
States. This was because either (1) fewer than
25 plots had been remeasured in an ecoregion,
or (2) the percent sampling error for the growth
estimate was too high (>100 percent). Aside
from the Interior West region, ecoregions
omitted from the analysis were mostly nonforest
(mostly desert or grassland, heavily urbanized,
or mostly converted to agriculture).
West Coast ecoregion sections having the
highest MRATIOs are shown in table 5.3 with
the major causes of death identified. Seeing that
fire and weather as well as insects and disease
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Table 5.3—Ecoregion sections in West Coast States having the highest mortality relative to growth (MRATIO), annual mortality and growth rates,
and associated causes of mortality

Ecoregion section

Average annual
mortality

Average annual
gross growth

MRATIO

Major causes of mortality

------- cubic feet per year ------M262B–Southern California Mountain and Valley

30,749,476

13,564,463

6,800,601

9,241,166

M242D–Northern Cascades

341,346,926

469,304,231

M261E–Sierra Nevada

435,027,997

641,958,197
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341D–Mono
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M261C–Northern California Interior Coast Ranges
M261F–Sierra Nevada Foothills

5,272,704

7,881,888

20,425,732

32,442,906

6,021,453

9,629,495

M262A–Central California Coast Ranges

were responsible for significant mortality in
these West Coast ecoregion sections, mortality
was summarized by both forest type group and
species group. One would expect that patterns
of mortality caused by biotic factors (insects,
disease) would be most apparent when looking
at species groups affected, while patterns of
mortality caused by abiotic factors (weather,
fire) would be most apparent when looking at
forest types affected.
Of the ecoregion sections of the West
Coast States where the MRATIO could be
calculated, ecoregion section M262B–Southern
California Mountain and Valley (MRATIO =
2.27) stands out. This is the highest MRATIO
found anywhere in the United States. Fire was
responsible for 67 percent of this mortality
(table 5.3). Insects were responsible for 10
percent of mortality, and adverse weather was

2.27
0.74
0.73
0.68
0.67
0.63
0.63

Fire (67%), insects (10%), weather-related (10%)
Insects (44%), fire (35%), disease (15%)
Insects (32%), fire (25%), weather-related (16%), disease (16%)
Fire (32%), disease (30%), weather-related (12%), insects (13%)
Fire (46%), disease (26%), weather-related (12%)
Disease (20%), weather-related (16%), fire (12%)
Disease (33%), fire (22%), weather-related (15%)

responsible for another 10 percent. About 57
percent of the mortality in this ecoregion section
occurred in the Western Oak forest type group,
and most of that mortality (79 percent) was
due to fire. Fire was also responsible for most
of the mortality (76 percent) in the Pinyon/
juniper forest type group, where 7 percent of
the ecoregion’s mortality occurred. Insects were
responsible for almost all the mortality in the
Ponderosa Pine forest type group and about
43 percent of the mortality in the California
Mixed Conifer forest type group; they were
responsible for about 21 percent of the mortality
in the ponderosa and Jeffrey pine species group
and about 17 percent of the other western
softwoods species group.
In ecoregion section 341D–Mono (MRATIO =
0.74), about 64 percent of mortality occurred
in the western woodland softwoods species

group, and about 21 percent was lodgepole
pine (P. contorta). All of the lodgepole pine
mortality was attributed to insects, while for
western woodland softwoods, about 49 percent
of mortality was due to fire, about 28 percent
was due to insects, and 19 percent was due
to disease.
In M261E–Sierra Nevada (MRATIO = 0.68),
mortality occurred in a large number of species
groups, with the highest mortality suffered by
true firs (43 percent), ponderosa and Jeffrey
pine (17 percent), and sugar pine (11 percent).
A variety of agents (insects, disease, fire, and
weather) contributed to the observed mortality.
Disease was the single most important cause of
mortality in the true firs and sugar pine.
In M261C–Northern California Interior Coast
Ranges (MRATIO = 0.67), almost all of the
mortality occurred in the Western Oak forest
type group (which does not include tanoakdominated forest types). About 41 percent of
the mortality was oaks, and about 54 percent
was the other western softwoods species group.
About 52 percent of the oak mortality and about
40 percent of the softwood mortality was due to
fire. Another 40 percent of softwood mortality
was attributed to disease.
Similarly, in M261F–Sierra Nevada Foothills
(MRATIO = 0.63), almost all of the mortality
occurred in the Western Oak forest type group.
About 65 percent of the mortality was oaks,
about 17 percent was other western softwoods,
and 8 percent was ponderosa/Jeffrey pine.

However, in this ecoregion section, a variety
of agents (disease, fire, and weather) all
contributed to the observed mortality (table 5.3).
Likewise, in ecoregion section M262A–
Central California Coast Ranges (MRATIO =
0.63), almost all of the mortality occurred in
the Western Oak forest type group. About
81 percent of the mortality was oaks. In this
ecoregion section, disease was responsible for
33 percent of mortality, fire caused 22 percent
of mortality, and 15 percent of mortality was
attributed to adverse weather (table 5.3).
At a broad scale, we see that in much of
California tree mortality is often related to a
combination of prolonged drought (2011–2015
statewide; 2011–2017 in parts of the State),
bark beetles, and fire (California Forest Pest
Council 2015, 2016, 2017). These factors have
interacted, leading to high mortality, especially
in southern California. Overstocked stands in
many parts of the State have contributed to
the drought stress and susceptibility of forests
to insects and wildfires (California Forest Pest
Council 2015, 2016, 2017). It should also be
noted that the same drought which led to high
mortality (directly or indirectly) would also have
reduced growth over the measurement period;
reduced growth also contributes to a high
MRATIO (see Methods section).
Aside from California, the highest MRATIO
(0.73) occurred in ecoregion section M242D–
Northern Cascades. There, mortality occurred
in a large number of species groups, including
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Engelmann and other spruces (22 percent), true
firs (24 percent), lodgepole pine (15 percent),
and Douglas-fir (17 percent). While insects and
fire were the most significant mortality-causing
agents, other factors, including disease and
adverse weather, also contributed significantly to
the observed mortality (table 5.3).
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Figure 5.3 shows the ratio of annual mortality
to standing live tree volume for the United
States. In most of the country, the ecoregions
having high mortality relative to standing
volume are the same regions that had high
MRATIOs (fig. 5.2).
Focusing on the Interior West, we see two
clusters of ecoregion sections where mortality is
high relative to standing live volume: a cluster
of mountain ecoregion sections in western
Montana, central Idaho, and northwestern
Wyoming (M331A–Yellowstone Highlands,
M331J–Wind River Mountains, M332A–Idaho
Batholith, M332B–Northern Rockies and
Bitterroot Valley, M332D–Belt Mountains,
M332E–Beaverhead Mountains, and M332F–
Challis Volcanics) and a cluster including
the Front Range of Colorado and southern
Wyoming (M331I–Northern Parks and Ranges)
and the south-central highlands of Colorado and
northern New Mexico (M331G–South-Central
Highlands) together with the Uinta Mountains
of Utah (M331E–Uinta Mountains). In all of
these ecoregion sections, annual mortality
exceeded 2.5 percent of live volume (table 5.4).

In Colorado and Wyoming, 61 percent of
the mortality in ecoregion section M331I–
Northern Parks and Ranges was lodgepole pine,
and another 20 percent was the Engelmann
and other spruces species group; almost all of
this mortality was attributed to insects. The
ecoregion includes areas that have experienced
major outbreaks of mountain pine beetle as
well as spruce beetle (D. rufipennis) (Colorado
State Forest Service 2016; Wyoming State
Forestry Division 2016, 2017). These same
pests have been affecting ecoregion M331E–
Uinta Mountains (USDA Forest Service, UintaWasatch-Cache National Forest [N.d.], Utah
Department of Natural Resources, Forestry,
Fire, & State Lands 2016), where 62 percent of
mortality was lodgepole pine, and 18 percent
was the Engelmann and other spruces species
group. Here, also, most of the mortality was
caused by insects. In ecoregion section M331G–
South-Central Highlands, about two-thirds of
mortality overall was caused by insects. In this
ecoregion section, about 64 percent of mortality
was the Engelmann and other spruces species
group; 88 percent of spruce mortality was due
to insects. In this area, spruce beetle has caused
significant mortality (Colorado State Forest
Service 2016, 2017; Zegler 2015, 2016; Zegler
and Formby 2017).
In the areas of high mortality in Montana,
Idaho, and northwestern Wyoming (ecoregion
sections M331A, M331J, M332A, M332B,
M332D, M332E, and M332F), insects and fire

M332A

M332B
M332D

M332E
M331A
M332F
J
31
M3

M331E

M331I
M331G

Annual mortality as a
percent of live volume
0.03–1.00%
1.01–2.00%
2.01–3.00%
3.01–5.00%
5.01–6.10%

Figure 5.3—Annual tree mortality expressed as a percentage of live tree volume by ecoregion section (Cleland and others 2007). Data unavailable or
insufficient for gray areas. (Data source: U.S. Department of Agriculture Forest Service, Forest Inventory and Analysis program)
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Table 5.4—Ecoregion sections in Interior West States having the highest mortality relative to standing tree volume and associated
causes of mortality

Ecoregion section

M332F–Challis Volcanics
M331J–Wind River Mountains
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Standing tree
volume

cubic feet per year

cubic feet

130,337,369

2,137,789,144

6.10%

Fire (51%), insects (40%)

Major causes of mortality

51,284,166

950,316,430

5.40%

Insects (69%), fire (20%)

203,919,686

4,906,754,034

4.16%

Insects (87%)

M331I–Northern Parks and Ranges

514,041,199

12,391,505,232

4.15%

Insects (84%)

M331A–Yellowstone Highlands

327,715,284

8,192,840,314

4.00%

Insects (57%), fire (27%)

M332D–Belt Mountains
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Mortality
relative to
standing volume

Average annual
mortality

M331E–Uinta Mountains

103,858,588

2,766,471,956

3.75%

Insects (72%), disease (17%)

M331G–South-Central Highlands

326,038,823

9,383,451,487

3.47%

Insects (67%), fire (13%), disease (11%)

M332B–Northern Rockies and Bitterroot Valley

191,975,434

5,921,485,532

3.24%

Insects (50%), fire (36%)

M332A–Idaho Batholith

532,620,433

17,627,954,803

3.02%

Fire (55%), insects (25%), disease (11%)

M332E–Beaverhead Mountains

149,432,898

5,317,108,378

2.81%

Insects (76%), fire (15%)

were the most significant causes of mortality
(table 5.4). This region includes areas suffering
outbreaks of mountain pine beetle (Montana
Department of Natural Resources and
Conservation 2014, 2016) as well as major fires
(Idaho Department of Lands 2014). However,
several other insect and disease issues have
been identified in this region and may have
contributed to the mortality. In most of these
ecoregion sections (M331A, M331J, M332A,
M332B, M332D, M332E), lodgepole pine was
the species suffering the highest mortality, most
of which was due to insects. However, many
other species groups, including Douglas-fir,
true firs, and Engelmann and other spruces also
suffered non-trivial mortality.

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 ecoregions. A common
characteristic of most of the ecoregions 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.

However, one insect pest issue does stand
out in the East. In ecoregions 222H–Central Till
Plains-Beech-Maple and 222U–Lake Whittlesey
Glaciolacustrine Plain, ash mortality due to
emerald ash borer was extremely high.
The preliminary analysis of the Western
United States shows that, in many parts of
the Interior West, mortality is very high as a
percentage of live volume and that several West
Coast ecoregion sections have high MRATIOs.
All of 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.
These three mortality-causing agents are related
in that drought stresses trees, making them
more susceptible to insect attack, while both
drought and insect-killed trees create conditions
favorable for wildfires.
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
to human development may not be detected
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 (e.g., ash) that
make up a relatively small proportion of many
eastern forests. 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
Natural Resources, Division of Forestry 2016;
USDA APHIS 2018), yet this mortality stands
out only in ecoregions 222H–Central Till
Plains-Beech-Maple and 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 (Burrill and others 2018), as well
as Evaluation Monitoring projects that focus on
particular mortality-causing agents (ch. 8–13)
can provide insight into smaller scale or speciesspecific 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

C

oarse woody materials (CWM) are often
defined as dead wood of a certain minimum
size in forest ecosystems (Harmon and others
1986). For the purposes of the U.S. national
inventory, CWM has a minimum diameter of
3.0 inches at the point of intersection with a
sampling transect (i.e., transect diameter) in
addition to having a lean angle <45 degrees
from vertical to delineate it from standing
dead trees (Woodall and others 2019). For
decades now, CWM has been recognized as
an important component of forest ecosystems
(Harmon and others 1986) serving as a substrate
for tree regeneration (Bolton and D’Amato
2011), habitat for wildlife (Nordén and others
2004), and store of carbon (Bradford and others
2008), among a host of other functions (e.g.,
Stokland and others 2012). In recognition of
these critical functions, the Forest Inventory
and Analysis (FIA) program of the U.S.
Department of Agriculture Forest Service has
been conducting a nationwide inventory of
CWM since ca. 2000 as a component of its
strategic-scale forest inventory (Woodall and
Monleon 2008, Woodall and others 2019).
Concomitant with this resource inventory,
there has been documentation and concern
regarding tree mortality and associated forest
health issues at various scales around the world
(e.g., McDowell and Allen 2015). Along present
trajectories of global change (e.g., tree mortality
from climate change and/or insects/disease),
it can be hypothesized that increasing rates of
tree mortality will have impacts to related forest
resources such as CWM. Because one of the

largest hurdles to monitoring CWM change is
its inherent nature at small scales (e.g., spatially
and temporally heterogeneous tree mortality
combined with various decay pathways),
quantifying how CWM attributes are changing
across large spatial domains is an important first
step towards future conservation efforts.
As a means to objectively evaluate CWM
change across U.S. forests within the context of
expected global change impacts, fundamental
parameters (e.g., changes in size distribution) of
CWM resources (e.g., biomass) were examined
across spatial scales of inference ranging from
inventory survey units to the conterminous
United States using FIA’s multidecadal inventory
(2002–2011 to 2012–2019). Specific objectives of
this study were to: (1) evaluate changes in CWM
biomass, in terms of stocks and spatial trends;
(2) evaluate changes in CWM transect diameter
and decay class distributions; (3) evaluate
changes in CWM species composition; and
(4) within the context of identified CWM
changes, suggest novel indicators of CWM
change and associated monitoring refinements.

METHODS
Data
Downed dead wood are sampled by the FIA
program using line-intersect sampling (LIS) on
a subset of inventory plots that are classified
as forested. Forest land is defined as having
at least 10-percent canopy cover of live tree
species or the potential to support such cover
if recently cut/disturbed along with a spatial
size requirement of 1 acre and at least 120 feet
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in width (USDA Forest Service 2016). The FIA
design is based on a spatially balanced sample of
approximately one plot per 6,000 acres (Reams
and others 2005). Each inventory plot consists of
four points arranged in a cluster with one point
at the center and three points oriented from the
central subplot at 0, 120, and 240 degrees. Each
of these four points is referred to as a subplot.
The distance from the central point to the center
of the surrounding points is 120 feet. These four
points form the center of fixed-area plots (24foot fixed radius) used to tally live and standing
dead trees in addition to serving as the origin of
transects used to measure CWM pieces.
For most regions of the United States, CWM is
sampled using LIS on a subset of forest inventory
plots whose sample intensity has changed over
time (ranging from every inventory plot to
1/16th of inventory plots) (Woodall and others
2019). Line-intersect sampling itself consists of
arraying one-dimensional sampling transects
across forest domains of interest with any piece
of CWM intersecting a transect being considered
part of the sample (Woodall and Monleon
2008, USDA Forest Service 2016). Population
estimators are constructed based on the length of
transect, CWM piece transect diameter, and the
attributes of interest derived from measurements
of each sampled piece (e.g., CWM piece
volume). Population estimates are calculated
from combined plots using the standard, FIA
post-stratification estimators (Scott and others
2005). A major delineation in the execution of
the national inventory of CWM was a major

national change in the plot sampling protocols
between the 2002–2011 and 2012–present
inventories. As these changes can be considered
independent inventories valid for evaluation
of changes in the U.S. CWM population over 2
decades, they form the basis of this assessment.
In terms of the quality analysis and quality
control of the CWM inventory program, despite
the often decayed and fractured state of much
of the CWM population, the measurement
repeatability of various CWM attributes such as
diameter and species identification (Campbell
and others 2019) is on par with various live
tree attributes such as tree grade. The model
error associated with estimating carbon stocks
of highly decayed CWM pieces and sampling
error associated with the 2002–2011 inventories
are examples of sources of uncertainty that may
outweigh the error from a number of CWM field
measurement errors. (For details regarding the
evolution of the CWM inventory along with all
relevant field protocols, inference procedures,
and database documentation, see Woodall and
others [2019].) Finally, it is strongly noted that
the downed dead wood inventory conducted
by the FIA program contains more dead wood
components than CWM, including residue piles,
fine woody debris, duff, and litter. We chose to
focus solely on CWM in this study as a precursor
to examining all aforementioned components
as the CWM inventory measures numerous
attributes (e.g., size, decay, and species) of
interest by themselves and in concert with the
standing tree inventory. We hypothesize that a
firmer foundation for understanding changes

in fine woody debris or residue piles should be
built upon robust understanding of changes in
the CWM population.

Analyses
The FIA CWM inventory, sampled from
2002–2011 to 2012–2019, is the basis for the
analysis presented in this assessment. Valid
CWM samples for each State were pulled from
the FIA Database (Burrill and others 2017) for
each decade to enable change estimation for
all States where possible, except for Nevada,
New Mexico, Wyoming, Hawaii, and Alaska,
where annual inventories were implemented at
later dates. Although there are contemporary
CWM inventories for those excluded States
(and territories such as Puerto Rico and the U.S.
Virgin Islands), we decided to focus on CWM
change estimation in the conterminous United
States where there were valid CWM inventories
for change estimation across nearly 2 decades.
Unlike resource-change analysis for live trees,
where individuals are tracked over time for
estimation of live tree resource changes, the
tracking of individual CWM pieces does not form
the basis of FIA CWM monitoring, although it
can be brought to bear when modeling CWM
dynamics (Russell and others 2014). Instead,
a “stock-change” approach is used where valid
estimates of CWM populations are compared
across time. Therefore, in this study, CWM
changes are evaluated at relatively large scales
such as the survey unit or State level. The
procedures for developing CWM population
estimates across these varying domains are
described in Woodall and Monleon (2008).

RESULTS AND DISCUSSION
As FIA’s CWM inventory has varied in its
plot protocols and sample intensity across
space and time since its inception in ~2000
(Woodall and others 2019), there are various
approaches to data analysis and associated
interpretations of CWM resource attributes. If
remeasured individual CWM inventory plots
are used as a mode of inference, the result is
a greatly reduced number of plots across time
(fig. 6.1A). In addition, extreme care must
be given when comparing such results at the
individual plot level due to changes in plot
sampling protocols and sample intensity across
time (e.g., fig. 6.1A, western Texas and the West
Coast). In contrast to only using remeasured
plots, entire collections (i.e., panels) of CWM
inventory plots can be considered independent
samples of the CWM population at discrete
points in time. All contemporary (~2012–2019)
CWM inventory plots number in the tens of
thousands (fig. 6.1B), forming the basis of
rigorous examination of CWM at strategic scales.
Using all available within-State CWM inventory
plots at two points in time for States that had
such inventories, the amount of CWM biomass
is seen as mostly increasing across FIA survey
units with an average increase of a few tons per
acre (fig. 6.2). For the area considered in this
study (i.e., remeasured State CWM inventories),
an estimate of 2.3 billion tons of CWM from
2002–2011 has increased by 17 percent to 2.7
billion tons in 2012–2019. In a general sense,
the balance of CWM biomass across large scales
is driven by changes in tree mortality, harvest,
decay/combustion, and salvage utilization. It
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(A)
Figure 6.1—(A) Total coarse woody
material (CWM) biomass (2012–2019)
for only remeasured, forested down woody
material (DWM) plots (2002–2011 to
2012–2019). (B) Total CWM biomass for
all plots with at least one forested condition
measured between 2012 and 2019.
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Figure 6.2—Change in coarse woody material (CWM) biomass (tons per acre) in U.S. forests by survey unit, 2002–2011 to
2012– 2019. Gray States/survey units indicate no remeasured plots.
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To further unravel the dynamics of CWM
change, the general attributes of decay, size,
and species can be examined. The distribution
of decay status for CWM is normally distributed
and centered on moderately decayed pieces
(decay class 3; fig. 6.3). Since the 2000s, the
CWM population has slightly shifted towards
a more advanced decay status with a notable
increase in the total biomass of moderately
decayed pieces. Changes in CWM stage of
decay has varied across States, with the greatest
increase in freshly fallen CWM pieces (decay
class 1) occurring in Midwestern States (fig. 6.4).
In a similar manner, there was disparity in
slightly decayed CWM pieces (decay class 2)
across States with some States showing large

Total biomass (million tons)
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can be hypothesized that increases in CWM
observed for most areas of the country resulted
from mortality/harvest inputs exceeding decay/
combustion and/or salvage utilization. Despite
this overall increase in CWM biomass, some
areas of the United States saw some minor
reductions, including the Midwest, Louisiana
and Mississippi, and along the Appalachian
Mountains. These reductions may be attributed
to declining mortality/harvest in combination
with continuing decay processes. However, if
decay is assumed to be relatively stable over
decadal time scales, these CWM reductions
suggest lower mortality rates and/or harvest
utilization in these regions, which might be
attributed to recovery from acid rain deposition
along the Appalachian Mountains (Kosiba
and others 2018) and vigorous post-hurricane
recovery in the Gulf of Mexico.

1000
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2012–2019
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5
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Figure 6.3—U.S. coarse woody material (CWM) decay class
distribution, 2002–2011 to 2012–2019.

increases (e.g., Maine, Arkansas, Montana,
North Dakota, and South Dakota) and others
showing decreases (e.g.,Washington, Oregon,
Idaho, Vermont, and Michigan). For the more
advanced stages of decay (decay classes 3–5;
Woodall and Monleon 2008), there was a more
consistent increase across all States, especially
for decay classes 3 and 4. The percentage of
change of moderately to advanced decayed
CWM biomass compared to freshly fallen or
slightly decayed biomass across States indicates
that most States are experiencing overall
increases in the amount of advanced decayed
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Figure 6.4—Change in coarse woody material
(CWM) decay classes, 2002–2011 to 2012–2019.
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The biomass of CWM is largely represented by
smaller sized CWM pieces if transect diameter is
considered an indicator of CWM size (fig. 6.6).
Over the course of nearly 2 decades, the plurality
of CWM biomass has been in pieces with a
transect diameter between 4.1 and 16.0 inches.
In terms of change, the largest-sized CWM pieces
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(transect diameter >24.0 inches) approximately
doubled in biomass from ~300 million tons to
~600 million tons. Most States had increases in
the amount of CWM biomass residing in smaller
sized pieces (3.0 to 8.0 inches), while higher
latitude States appeared to experience greater
increase in moderately sized CWM (8.1 to 16.0
inches) over 2 decades (fig. 6.7). Increases in
the largest sized CWM (>16.0 inches) appeared
to be equally distributed among States. When
viewing the change of large-sized versus smaller
sized CWM pieces over time, it is evident that

KS AR TN NC SC
OK LA MS AL GA

Total biomass (million tons)
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CWM biomass (fig. 6.5). The States that have
had an increase in the amount of fresh CWM
compared to advanced decayed CWM were
North Dakota, Mississippi, Maine, Tennessee,
North Carolina, and Oklahoma.
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Figure 6.5—ChangePercent
in percentage
of moderately to advanced
change
−20 0 20 40
decayed coarse woody material (CWM)
biomass, 2002–2011
to 2012–2019. (Note: a positive value indicates that the State’s
population of CWM biomass is becoming more advanced in
decay over nearly 20 years.)
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Figure 6.6—U.S. coarse woody material (CWM) transect
diameter class distribution, 2002–2011 to 2012–2019.
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most States are at least experiencing a minor
increase in the relative prevalence of larger sized
CWM pieces (fig. 6.8). In particular, the States of
Maine, Florida, Arkansas, Kentucky, Louisiana,
Texas, Mississippi, West Virginia, Indiana, North
Dakota, Nebraska, and New York had higher
levels of large-sized CWM increases relative to
smaller sized pieces over 2 decades.
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Very few studies have evaluated changes
in CWM species composition, although such
analyses might help evaluate the influence
of large-scale forest mortality events (e.g.,
Woodall and Nagel 2006) on subsequent CWM
accumulation and depletion (Russell and others
2015, Woodall and others 2015; i.e., decay and/
or combustion). As no CWM species types and/
or documented CWM species assemblages exist
for monitoring purposes (i.e., forest types for
dead trees as opposed to just live trees), the
top three CWM species in terms of biomass
prevalence can be examined (fig. 6.9). For a
plurality of States, the top three CWM species
are of such advanced decay they are recorded
as an unknown species or unknown hardwood.
However, in many cases, the prevalence of any
particular CWM species can be attributed to
past forest health issues, disturbance events,
or long-term stand development/successional
pathways. Certainly for the West Coast, the
prevalence of Douglas-fir (Pseudotsuga menziesii)
CWM can be attributed to Douglas-fir being
a dominant tree species that has been a focus
of dead wood studies for decades (e.g., Spies
and others 1988). In Rocky Mountain States,
ponderosa pine (Pinus ponderosa) is often a top

WI
WA

ID MT ND MN

OR

SD

IA

IL

VT NH
MI

NY MA

IN OH PA

NJ CT

RI

CA UT CO NE MO KY WV VA MD DE
AZ

KS AR TN NC SC
OK LA MS AL GA
FL

TX
Percent change

0

20 40 60

Percent change

40 60
Figure 6.8—Change in percentage0of20large-sized
coarse woody
material (CWM) biomass (transect diameter >16.0 inches),
2002–2011 to 2012–2019. (Note: a negative value indicates
that the State’s population of CWM biomass is becoming
increasingly represented by large-sized CWM pieces.)

CWM species owing to both its prevalence and
widespread mortality events stemming from
droughts, wildfire, and insects/disease (Bottero
and others 2017). In the East, the prevalence
of beech (Fagus spp.), eastern white pine
(P. strobus), and red maple (Acer rubrum) may be
an indicator of past diseases (e.g., beech bark
disease; Morin and others 2007), trajectories of
old-field succession, and/or natural progression
of stand development. Akin to relative changes
in decay and transect-diameter distributions
of CWM biomass (e.g., figs. 6.5 and 6.8), the
change in the relative percentage of the top five

CWM species relative to all other species over
time can be examined by State (fig. 6.10). For
a few States, CWM biomass is becoming more
dominated by fewer species such as found in
Arkansas, Massachusetts, Tennessee, Indiana,
Florida, Texas, and Idaho; in contrast, Vermont,
Connecticut, Kansas, and Oklahoma exhibited
less dominance of the top five CWM species.
The dominance of one species accounting for a
plurality of CWM biomass across a State may
be an indicator of past mortality events that
primarily affected one major tree species in
the context of perhaps a less diverse live tree
diversity (e.g., ponderosa pine and mountain
pine beetle [Dendroctonus ponderosae] mortality
in Idaho) compared to the mortality of a less
dominant tree species in a highly diverse
system (e.g., flowering dogwood [Cornus florida]
mortality in the Great Smoky Mountains).
The results of this national CWM change
evaluation can be used to indicate trends in
forest health dynamics with implications for
CWM resource trajectories. Additionally, such
an analysis may help identify CWM resource
metrics of utility for conserving forest resources
inclusive of dead wood (e.g., forest carbon stocks
or habitat). Overall, CWM biomass has increased
across forests of the United States, which is not
surprising given concomitant increases in live
tree volume and biomass during the same time
period (Oswalt and others 2019). However,
CWM biomass is increasingly represented by
larger sized pieces of more advanced decay with
a species composition that is less dominated
by a few species (i.e., perhaps greater species

diversity and/or species evenness). It can only be
speculated as to what this CWM resource trend
indicates as much more research into uncertainty
analyses and relationships between CWM and
standing live/dead trees needs to occur. However,
the following hypotheses can be suggested.
First, the increasing amounts of CWM biomass
of larger sized pieces are probably indicative of
the maturing forest resource across the United
States. Second, as CWM pieces are increasingly
of advanced decay, it suggests that there are
fewer episodic disturbances (e.g., blowdown
events) relative to mortality from stand
development (i.e., tree suppression, senescence)
and/or insects/disease (e.g., spruce budworm
[Choristoneura freeman] or beech bark disease).
Third, the somewhat steady or slightly reduced
dominance of CWM species composition by a few
species by State suggests that widespread speciesspecific mortality events are not imparting
substantial additions to the CWM population
beyond that of natural mortality dynamics (e.g.,
stand development). However, the relatively
sparse sample intensity of the CWM inventory
(especially during the 2002–2011 period)
prevents further conclusions regarding mortality
events that operate at the stand level (e.g., root
rots). Overall, examinations of CWM resource
dynamics provide an insight into past trajectories
of forest development across large scales with
implications for carbon and nutrient cycles, as
well as an amenity of ecosystem services.
Beyond strategic-scale resource assessments,
additional research is needed to enable further
refinement of the initial analyses provided in
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Figure 6.9 (continued)—Coarse woody material (CWM) biomass per forested acre and top three species by State, 2012–2019.

this study. Explicit linkages to standing live/dead
trees provides a more comprehensive assessment
of tree life cycles, stand development processes,
and successional changes. Such a linkage is
beyond the objectives of this study but would
greatly aid efforts to manage carbon stocks
and adapt forest management for future global
change (e.g., climate change events or insects/
disease). Furthermore, although individual CWM
pieces are not explicitly tracked in FIA’s strategic
inventory, refinement of change estimation
procedures beyond coarse large-scale stock
change estimation paradigms would assist with
unraveling CWM dynamics. It can be suggested

that numerous resource monitoring paradigms
for live trees do not necessarily apply to CWM
given that CWM populations decline (volume
and biomass loss) over time with a dependence
on tree mortality for accretion, quite the opposite
of live trees. Another topic of critical importance
is the assessment of total uncertainty in CWM
resource assessments. The FIA program enables
the determination of sampling error associated
with CWM data through online tools and
documented procedures (Woodall and others
2019). However, there are numerous other
sources of error that should be acknowledged
in CWM resource analyses such as model
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Figure 6.10—Change in percentage of biomass of top five
coarse woody material (CWM) species accounting for total
CWM by State, 2002–2011 to 2012–2019. (Note: a positive
value indicates that the State’s population of CWM biomass
is becoming more dominated by fewer species over nearly
20 years.)
error (e.g., log volume) and uncertainties in
decay reduction factors (Campbell and others
2019). Finally, more robust approaches to
quantifying CWM diversity (e.g., species, size,
decay state) are needed that are reflective of the
unique aspects of this resource. Can functional
traits indicative of tree decay pathways be

incorporated to assist with interpretation
of future resource trajectories? Relative to
the lengthy history of forest management
and associated sciences, the science of CWM
RIresource monitoring and management has many
opportunities for substantial advancement.
In conclusion, nearly 20 years of effort
invested in a consistent, national inventory
of CWM has established a baseline of
data regarding the attributes of the CWM
population at the outset of the 21st century
as U.S. forests face increasing stressors (e.g.,
episodic precipitation, invasive species, and/or
development). Although comparisons between
the 2002–2011 and 2012–present CWM
inventories should be at the population scale
(e.g., survey units or States) due to revisions to
plot measurement protocols, there remains an
abundance of analytical possibilities that will
only be expanded upon once the 2012–present
inventory is fully remeasured. Not only will
remeasured plots enable more sophisticated
CWM dynamics modeling and longitudinal
analysis (e.g., Russell and others 2014), the
initial results of this study suggest that refining
paradigms of CWM resource analysis in the
context of live and standing dead tree attributes
would greatly advance our understanding of
forest structure, carbon pools, and nutrient
cycles, among a host of vital forest ecosystem
processes that all tier to dead wood.
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INTRODUCTION

T

he U.S. Department of Agriculture Forest
Inventory and Analysis (FIA) program
collects data describing the condition and
change of forest ecosystems across all lands in
the United States (Smith 2002, USDA Forest
Service 2019b). The extraordinary size of the
spatial domain and breadth of forest variables
sampled by the FIA program make it a unique
and powerful resource for determining the
extent and severity of undesirable changes in
forest health across large spatial domains in the
United States. Due to a lack of flexible, userfriendly tools for estimation of forest variables
(Tinkham and others 2018), the richness and
utility of the FIA data are not always realized
for forest health assessment. We developed rFIA
(Stanke and others 2020, https://rfia.netlify.
app/), an open-source R package (R Core Team
2020), to reduce these data accessibility hurdles
and unlock the potential of FIA for broad-scale
forest health evaluation and monitoring.
rFIA achieves two primary objectives:
(1) improve the accessibility of FIA data for
the estimation of status and change in forest
ecosystems and (2) offer enhanced flexibility in
estimation strategies and defining populations
of interest. Using a simple yet powerful design,
rFIA implements the design-based estimation
procedures described in Bechtold and Patterson
(2005) for more than 60 forest variables and
allows users to return intermediate (i.e., plot,
condition, and/or tree-level) estimates of all

variables for use in modeling studies. With rFIA,
users can easily summarize forest variables for
populations defined by any combination of
spatial units (i.e., spatial polygons), temporal
domains (e.g., most recent measurements),
and/or biophysical attributes (e.g., species, site
classifications). Furthermore, rFIA implements
five design-based estimators that enhance the
value of FIA for temporal change detection and
offer flexibility in a tradeoff between precision
and temporal specificity.

CHAPTER 7.

Here we present three case studies chosen to
demonstrate some aspects of rFIA’s potential to
advance forest health evaluation and monitoring
in the United States. First, we highlight rFIA’s
spatiotemporal estimation capacity by estimating
current down woody material (DWM) biomass
within HUC6 watershed boundaries across
the conterminous United States (CONUS) by
combining the most recent FIA inventories
available in each State. We next illustrate how
rFIA enhances the value of FIA for temporal
change detection by examining trends in
lodgepole pine (Pinus contorta) mortality in
Colorado using multiple design-based estimators.
Finally, we use rFIA to estimate plot-level live
tree density and develop a Bayesian hierarchical
model to estimate changes in live tree abundance
(i.e., net response of recruitment, growth, and
mortality) within ecoregion subsections (Cleland
and others 2007) across the CONUS (excluding
Wyoming due to a lack of remeasurements),
thereby demonstrating how rFIA can aid modelbased analyses.

Hunter Stanke

Advancing Broad-scale
Forest Health Evaluation
and Monitoring with rFIA
Andrew O. Finley
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Since 1999, FIA has operated an extensive,
nationally consistent forest inventory designed
to monitor changes in forests across all lands in
the United States (Smith 2002). The program
measures forest variables on a network of
permanent ground plots that are systematically
distributed at a rate of approximately one
plot/2428 ha (one plot per 6,000 acres) across
the United States (Smith 2002). Ground plots
are remeasured approximately every 5 to 7 years
in the Eastern United States and 10 years in the
Western United States, with remeasurements
currently available in most States. Data collected
on ground plots are stored in a large public
database (i.e., the FIA Database) (USDA Forest
Service 2019a). rFIA includes utility functions
to retrieve, process, and visualize data stored
in the FIA Database (Stanke and others 2020).
Herein, we demonstrate potential applications of
rFIA to forest health evaluation and monitoring,
drawing solely from data collected by the FIA
program. The code to reproduce these analyses
(including sample sizes and results) are available
at our official website (https://rfia.netlify.app/
project/fhm2020/).

National-scale DWM Biomass Stocks
The FIA program measures variables related
to DWM volume, biomass, and carbon on a
subset of ground plots in most FIA regions
(i.e., intensive or forest health plots). The dwm
function in rFIA uses FIA data to produce plotlevel or population estimates of DWM variables

by ecosystem components, including: coarse
woody debris (i.e., 1,000-hour fuels), fine woody
debris (i.e., 1-, 10-, and 100-hour fuels), slash
piles, litter, and duff. We used the getFIA function
in rFIA to download an appropriate subset of
the FIA Database from the FIA DataMart and
selected the most recent subset of inventories
within each State using the clipFIA function.
We then used the most recent subset of the FIA
Database to estimate the current biomass density
of 100-hour fuels (1.00–2.99-inch diameter)
on forest land (including public and private
lands) within HUC6 watershed boundaries
across the CONUS. All estimates were produced
using the temporally indifferent (TI) estimator
(i.e., the same methods implemented by FIA’s
flagship online estimation tool, EVALIDator
[Miles 2019]).

Trends in Colorado Lodgepole
Pine Mortality
The FIA program uses an annual panel system
to estimate current inventories and change,
where inventory cycles consist of multiple
panels, and individual panels comprise mutually
exclusive subsets of ground plots measured in
the same year within a region. Precision of point
and change estimates can often be improved by
combining annual panels within an inventory
cycle (i.e., by augmenting current data with
data collected previously). While FIA does not
prescribe a core procedure for combining panels
(Bechtold and Patterson 2005), the TI estimator,
which effectively pools data from annual panels
into a single periodic inventory, is likely the most
widely known and used.

rFIA implements the TI estimator by default
for consistency with EVALIDator (Miles 2019).
Alternatively, users may choose to return
estimates from individual annual panels
(ANNUAL estimator) or use one of three
moving-average-based estimators, including the
simple moving average (SMA), linear moving
average (LMA), and exponential moving average
(EMA). The SMA estimator applies equal
weight to all annual panels within an inventory
cycle; hence, its estimates tend to align closely
with those of the TI estimator. In contrast, the
LMA and EMA estimators apply weights that
decay linearly or exponentially as a function
of time since measurement, respectively. The
EMA estimator requires specification of a
decay parameter, λ (ranging between 0 and
1, default 0.5), that controls the rate at which
panel weights decline with time (higher values
of λ indicate more even distribution of weights
across panels).
The FIA program calculates growth, mortality,
and removals between repeated measurements
of inventory plots. To provide early estimates
of mortality (i.e., prior to availability of
remeasurements on annual inventory plots),
FIA draws on inventory data collected prior to
the implementation of the annual design (i.e.,
periodic inventory plots; where many annual
plots were established on top of previous
periodic plots). The growMort function in rFIA
seamlessly integrates both procedures (periodicannual and annual-annual) to provide unbiased
estimates of tree mortality processes over time.

We used the growMort function to estimate
trends in the mortality rate (trees per acre per
year) of lodgepole pine in Colorado over the
period 2002–2018. We estimate mortality rates
and associated uncertainty using each designbased estimator currently offered in rFIA (i.e.,
TI, SMA, LMA, EMA, and ANNUAL estimators)
and visually compare trends across estimators.
To highlight the flexibility and utility of the EMA
estimator for use in temporal change detection,
we estimate mortality rates and associated
uncertainty with multiple values of λ (i.e.,
effectively varying the temporal kernel from
which mortality rates are estimated) and visually
compare short-range and long-range trends.

National-scale Shifts in Live
Tree Abundance
Traditionally, FIA has relied on sample plot
data and design-based estimators to produce
point and change estimates of forest variables
(Tinkham and others 2018). These estimators
are familiar and generally unbiased (McRoberts
2010), though low sample sizes often limit their
ability to yield sufficiently precise estimates for
small populations (e.g., small spatial domains,
rare species/events). Model-based estimators
offer a versatile alternative to design-based
estimation, relying on predictions from models
and ancillary variables to produce estimates of
forest variables and often yielding more precise
estimates for small populations. To aid modelbased analyses using FIA data, rFIA allows
users to return estimates of all forest variables
within subpopulation response units (e.g., plot,
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subplot, condition, tree-level). These estimates
can then be used (along with ancillary variables)
to develop models of ecological patterns and
processes, estimate population parameters, and
predict to unobserved domains (e.g., forecast
future change).
Here, we use the tpa function in rFIA to
estimate plot-level number of live trees per acre
(TPA) and live tree basal area per acre (BAA) for
all plot visits under the annual inventory design
across the CONUS. Using estimates from plots
visited more than once (i.e., remeasured annual
plots), we construct a Bayesian hierarchical
model to estimate the average rate of change
in live TPA and BAA at individual plots, within
ecoregion subsections (Cleland and others
2007), and across the CONUS over the period
1999– 2019:
(1)
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(2)

where
y = the log of live TPA or BAA at visit i, on plot
j, in ecoregion subsection k
t = year of visit
α = a random intercept describing y at t = 0
β = a random slope describing the average
annual rate of change in y
= the residual variance of the linear model
relating log TPA/BAA to time at the plot level
[equation (1)]
We allow αj,k and βj,k to vary across plots,
with their values drawn from subsection-level
distributions [equations (2–3)] characterized by
a corresponding mean (αk and βk) and variance
(
,
) for each coefficient. Parameters of
subsection-level distributions are in turn drawn
from a CONUS-level distribution defined by
means (α and β) and variances ( , ) of each
coefficient. As our response (live TPA or live
BAA) is log scaled, we can transform estimates of
βk and β to annual rates:

(3)

rk = 100(e  βk –1)

(6)

(4)

r = 100(e  β–1)

(7)

where
(5)

r = percentage of annual change in live TPA or
BAA (Crawley 1993)

The hierarchical form of our model allows us
to draw inference regarding temporal trends in
live tree abundance across multiple ecological
scales (i.e., stand, landscape, and subcontinental).
For brevity, we highlight results at the landscape
and subcontinental scale here. Specifically, we
estimate the percentage of annual change in live
TPA and live BAA of tree populations [equations
(6 and 7)] within ecoregion subsections and
across the CONUS. We estimate the probability
of direction, or probability that the estimated rate
for each population excludes 0, to highlight the
“significance” of the estimated trends.

RESULTS AND DISCUSSION
National-scale DWM Biomass Stocks
We mapped estimates and associated
uncertainty of current 100-hour fuel biomass
density (tons per acre) by HUC6 units across
the CONUS to demonstrate the spatiotemporal
estimation capacity of rFIA (fig. 7.1). In the
Eastern United States, 100-hour fuel density
generally appears to be higher in regions
dominated by oak-hickory forest types relative to
regions dominated by southern pines, northern
hardwoods, and spruce/fir forest. In the Western
United States, 100-hour fuel density appears to
be elevated in regions dominated by Douglasfir forest types (e.g., Pacific Northwest) relative
to other regions. Uncertainty (measured as
sampling error percentage, or coefficient of
variation percentage) tended to be highest in
the Plains and desert Southwest, presumably
due to low sample sizes. Estimates presented
herein are similar to those from previous efforts

to characterize DWM biomass in U.S. forests
(Chojnacky and others 2004, Woodall and
others 2013).
Down woody material is an important
component of forest ecosystems across the
United States. Specifically, DWM biomass may
help describe fuel loading, wildlife habitat,
structural diversity, and biogeochemical processes
in forests (Woodall and Monleon 2008). The
national-scale DWM inventory provided by FIA
is unprecedented in scope and spatial extent,
and of extraordinary value in many forest health
monitoring efforts. We anticipate the dwm
function in rFIA will be of particular interest
to wildlife biologists, ecologists, mycologists,
foresters, and fuels specialists seeking to
estimate the status, change, and future states
of DWM stocks. For brevity, we only present
results of 100-hour fuel density (biomass per
acre). However, it is important to note that our
analysis (i.e., a single call to dwm) simultaneously
produced estimates of DWM biomass, carbon,
and volume (totals and density) for the
following ecosystem components/fuel classes:
litter, duff, 1-hour (0.00–0.24-inch diameter),
10-hour (0.25–0.99-inch diameter), 100-hour
(1.00–2.99-inch diameter), and 1,000-hour fuels
(≥3 inch diameter).
While the analysis presented here is relatively
simple, it represents a substantial advance in
spatial estimation capacity relative to other FIA
estimation tools (USDA Forest Service 2019a).
That is, we used unique areal units (i.e., HUC6
watershed boundaries) to define populations of
interest, rather than relying on fields recorded in
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Figure 7.1—(A) Estimated current 100-hour fuel biomass (tons per acre) and
(B) associated uncertainty (percent sampling error [SE]) within HUC6 watershed
boundaries across the conterminous United States. All estimates produced using the
dwm function in the rFIA package, using the temporally indifferent estimator.
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Trends in Colorado Lodgepole Pine Mortality
We used multiple design-based estimators to
examine temporal trends in Colorado lodgepole
pine mortality (TPA per year) and highlight
how rFIA enhances the value of FIA for
temporal change detection. A general pattern of
increasing mortality through time was evident
across all estimators, likely linked to recent
outbreaks of mountain pine beetle (Dendroctonus
ponderosae) in the region (Page and Jenkins
2007). Specifically, we observe an approximately
fourfold increase in lodgepole pine mortality
across all estimators in 2015 relative to 2005
levels. Point-estimates of mortality (estimated
mortality in any given year) and associated
uncertainty (i.e., sampling error percentage)
varied considerably among estimators, with
the ANNUAL estimator exhibiting the highest
degree of interannual variability and uncertainty
and the SMA and TI estimators exhibiting
the smoothest temporal trends and lowest
uncertainty (fig. 7.2). In general, a decrease in
uncertainty was evident across estimators over
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the FIA Database. With rFIA, users can specify
any spatial polygon object to use as a grouping
variable (i.e., region contained within each
areal unit is treated as a unique population).
For example, spatial polygons describing historic
fire regimes could be used to group estimates of
current DWM fuel stocks (or other variables of
interest, e.g., size-class distributions, mortality,
invasive species abundance). While we use
the dwm function to highlight rFIA’s spatial
estimation capacity, all rFIA estimator functions
have been designed with the same functionality.
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Figure 7.2—(A) Estimated trends in lodgepole pine (Pinus contorta) mortality
rates (trees per acre [TPA] per year) and (B) associated uncertainty (percent
sampling error) in the State of Colorado over the period 2002–2018. Estimates
were produced using five design-based estimators: annual (ANNUAL),
exponential moving average (EMA), linear moving average (LMA), simple
moving average (SMA), and temporally indifferent (TI). All estimates were
produced using the growMort function in the rFIA package.
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Point-estimates of mortality and associated
uncertainty varied with the value of λ (i.e., decay
parameter controlling distribution of weights
across an inventory cycle) specified in the EMA
estimator, illustrating the estimator’s pronounced
flexibility and an inherent tradeoff between
precision and temporal specificity (fig. 7.3). As
λ approaches 0, higher weight is given to more
recent panels in the inventory cycle, and the
behavior of the EMA approaches that of the
ANNUAL estimator (high temporal specificity;
increased uncertainty). In contrast, as λ
approaches 1, panel weights are distributed more
evenly across inventory cycle, and the behavior
of the EMA approaches that of the SMA (low
temporal specificity; decreased uncertainty).
Sample variance is generally minimized when
panel weights are evenly distributed across the
inventory cycle, though improved precision
comes at the cost of introducing temporal lagbias (Bechtold and Patterson 2005). Hence, equal
weighting schemes (e.g., SMA, TI, or EMA with
a high λ) could be undesirable in settings where
the variable of interest is suspected to change
rapidly over time (as seen here).
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time, likely due to increasing sample size (i.e.,
availability of plot remeasurements). While the
estimators presented herein vary considerably
in their temporal specificity, it is important to
note that plot remeasurements occur on 10-year
intervals in the Western United States. Hence,
all estimates of mortality should be interpreted
as an average over a decade (ANNUAL) or more
(SMA, LMA, EMA, TI).
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Figure 7.3—(A) Variation in short-range and long-range
temporal trends of lodgepole pine (Pinus contorta) mortality
rates (trees per acre [TPA] per year) and (B) associated
uncertainty (percent sampling error) in the State of Colorado
over the period 2002–2018. Estimates produced by varying
the value of λ specified in the exponential moving average
(EMA) estimator, where high values of λ characterize longrange temporal trends and low values characterize short-range
temporal trends. All estimates produced using the growMort
function in the rFIA package.

In practice, the choice of estimator should
be guided by user objectives. That is, no
single estimator presented herein is “best”
for all estimation objectives or across a wide
variety of spatial, temporal, and population
conditions. As a general guide, estimators
that distribute weights approximately evenly
across panels (i.e., SMA, TI, or EMA with a
high λ) should be employed when users seek
to minimize uncertainty around estimates and
no considerable change is suspected in the
underlying population. In contrast, if users are
primarily interested in characterizing temporal
change in the population of interest, estimators
that give higher weight to more recent
observations (i.e., ANNUAL, LMA, EMA with
low λ) are likely to be more suitable.
In rFIA, users can easily produce “movingaverage ribbons” as seen in fig. 7.3 where
estimates are produced for multiple, sequential
values of λ using the EMA estimator (i.e.,
effectively characterizing change across multiple
temporal scales). Such plots are particularly
useful for detecting periods of rapid change
in a population. That is, rapid change is likely
when large gaps appear between point-estimates
produced with different values of λ, with
increases in the state variable indicated when
short-range (i.e., low λ) estimates exceed longrange estimates (i.e., high λ) (fig. 7.3, 2008–
2012) and decreases indicated when long-range
estimates exceed short-range estimates (fig. 7.3,
2017–2018).

National-scale Shifts in Live Tree Abundance
To demonstrate how rFIA can aid modelbased analyses using FIA data, we use rFIA
to estimate plot-level live tree TPA and
BAA and develop a Bayesian hierarchical
model to estimate temporal changes in each
variable across multiple ecological scales.
Across the entire CONUS (i.e., subcontinental
scale, excluding Wyoming due to a lack of
remeasurements), we found a decline in
live TPA at a rate of 0.41 percent per year
(probability of direction = 99.9 percent, i.e.,
very high confidence rate is different from 0).
In contrast, we found live BAA to be expanding
at a rate of 0.99 percent per year across the
CONUS (probability of direction = 99.9 percent).
Considerable variability was evident across
ecoregion subsections (i.e., landscape scale;
fig. 7.4); however, broad-scale patterns of
decline in live TPA and expansion in live BAA
emerge across much of the CONUS. Notable
exceptions appear in northern Minnesota,
where both variables are expanding, and in
the southern Rocky Mountains, where both
variables frequently indicate decline or zero net
change in live tree abundance.
Shifts in live tree abundance emerge from the
net demographic response of tree populations to
endogenous (e.g., competition) and exogenous
drivers (e.g., climate, disturbance). Hence, the
patterns we observe in figure 7.4 represent the
net result of spatially varying tree mortality,
recruitment, and growth (BAA only) processes
in U.S. forests over the period 1999–2019.
General patterns of decline in live TPA and
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Figure 7.4—Estimated annual rate of change (percent per year) in (A) live number of trees per acre (TPA) and (B) live basal area per
acre (BAA), and (C, D) associated indices of significance (probability of direction) within ecoregion subsections (Cleland and others 2007)
across the conterminous United States from 1999–2019. All estimates produced using a Bayesian hierarchical model fit to plot-level indices
of live TPA and BAA on remeasured Forest Inventory and Analysis (FIA) plots. Plot-level indices of live tree abundance produced using
the tpa function in the rFIA package.

expansion in live BAA likely emerge in part
from transient dynamics associated with stand
structural development and succession (Franklin
and others 2002) (synchronous maturation
of secondary forest across broad spatial
domains); hence, it is difficult to determine if/
when shifts result primarily from exogenous
stressors. Previous efforts have restricted their
population of interest to old forest to account
for such dynamics (Van Mantgem and others
2009); however, these analyses are unlikely to
properly characterize demographic responses at
the landscape level, where tree populations are
dispersed amongst a mosaic of stand structural
classes and successional stages.
rFIA’s capacity to return estimates of forest
variables within subpopulation response units
(e.g., plot-level estimates, as used here) is
unique relative to other public FIA estimation
tools (i.e., others are designed primarily for
design-based population estimation). This
capacity eliminates the need for users to navigate
the complex structure and data coding of the
FIA Database to retrieve data for use in modeling
or other applications (e.g., plot-level mapping).
We anticipate this capacity will be particularly
valuable in applications related to forest health
evaluation and monitoring by allowing users
to: (1) draw on auxiliary variables to augment
sparse FIA data (e.g., Phase 2+ and Phase 3 plot
networks) and improve estimation of forest
health variables; and (2) draw on multiple
remeasurements of FIA plots (when available) to
improve estimation of demographic indices and
change attributes (as shown here).

Future Extensions of rFIA
In short, we designed rFIA to reduce the
hurdles of accessing and manipulating FIA data.
Specifically, we aim to improve the accessibility
of FIA data for the estimation of status and
change in forest ecosystems, and to offer
enhanced flexibility in estimation strategies and
defining populations of interest. At present, rFIA
is capable of estimating more forest variables
(>60) from FIA data than any other publicly
available tool. This suite of forest variables
includes multiple important forest health
indicators, including: tree mortality, tree growth,
DWM, and tree diversity (i.e., species diversity,
structural diversity). Current development
aims to broaden the scope of rFIA to provide
advanced estimation capacity for indicators of
ozone damage, tree crown condition, soil quality,
lichen diversity, and understory plant diversity.
Furthermore, we intend to expand the
capacity of rFIA to include a suite of spatially
enabled model-assisted estimators aimed at
improving estimation within small domains
(e.g., spatial/temporal extents, rare events).
Model-assisted estimators will allow users
to easily incorporate auxiliary data in the
estimation of forest variables, offering substantial
improvements in spatial prediction and
change detection for sparsely sampled forest
health variables.
Interested users can track updates to rFIA at
our official website (https://rfia.netlify.app/).
We encourage users to report any issues and/
or desired extensions on our active issues page
(https://github.com/hunter-stanke/rFIA/issues).
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E

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
website: https://www.fs.fed.us/foresthealth/
protecting-forest/forest-health-monitoring/
index.shtml.

Beginning in 2008, each FHM annual
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. Six project summaries
are included in this report.

SECTION 3.
Evaluation Monitoring
Project Summaries
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H

eterobasidion root disease (Heterobasidion
irregulare; HRD) causes substantial pine
(Pinus spp.) mortality in North America
and other regions of the Northern Hemisphere.
It first appeared in Wisconsin in 1993 and has
since been documented in 28 counties. It was
first documented in Michigan in 1963, and
recent survey work found it was present in 19
counties. New infestations mainly occur when
spores carried by wind land on freshly cut pine
and spruce (Picea spp.) stumps. Expanding
mortality gaps develop as the fungus spreads
along interconnected roots. Treating cut conifer
stumps with a fungicide effectively prevents
HRD infestation.
The continued spread and impact of HRD in
the Lake States has increased awareness and
concern about the disease. Recent research has
filled some knowledge gaps, but many questions
are yet to be answered. One knowledge gap
in the Lake States is determining what species
naturally regenerate in pine plantations infested
with HRD. The objective of this research was to
evaluate the composition of natural regeneration
in red pine (P. resinosa) stands impacted by HRD
in Wisconsin and Michigan.

METHODS
Thirty-one sites in Wisconsin and Michigan
with known HRD infestations were assessed.
H. irregulare was confirmed via laboratory
cultures for all sites. Forty-nine expanding
mortality gaps were studied across the 31 sites
(three or fewer per site). Expanding mortality

gaps were typically not concentric and varied in
size from 0.02 to 8.5 acres with a mean of 0.96
acres. All understory regeneration was evaluated
in three 10-m2 round plots for each expanding
mortality gap. The species and height class
(0.6-m intervals) were recorded for every plant
in the plots. “Desirable” regeneration included
aspen (Populus tremuloides), balsam fir (Abies
balsamea), black cherry (Prunus serotina), jack
pine (P. banksiana), oak (Quercus spp.), red maple
(Acer rubrum), red pine, white pine (P. strobus),
and white spruce (P. glauca). “Undesirable”
regeneration included boxelder (A. negundo)
and three invasive plant groups: barberry
(Berberis thunbergii), buckthorn (Frangula alnus
and Rhamnus cathartica), and honeysuckle
(Lonicera spp.).

CHAPTER 8.

Overstory tree species were recorded in
variable radius plots (10 BAF [basal area factor]
prism; square feet) 10 m and 100 m in each
cardinal direction from the edge of expanding
mortality gaps. See Demchik and others (2020)
for full methods including statistical analyses.

Monique Sakalidis

RESULTS
The majority of expanding mortality gaps had
sufficient desirable regeneration to fill them over
time (Demchik and others 2020). Regeneration
was a mix of hardwood and conifer species
(Demchik and others 2019) (figs. 8.1 and 8.2).
Woody invasive plants were discovered on 39
percent of sites (Demchik and others 2020). Red
maple or oak in the overstory 10 m from a gap
were correlated with more regeneration of that
species in the understory (Demchik and others

Determining What Species
Regenerate in Forest Stands
Impacted by Heterobasidion
Root Disease in Wisconsin
and Michigan
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Figure 8.1—Regeneration in Heterobasidion irregulare-caused expanding
mortality pockets or gaps (number of seedlings per hectare by height class) in
Wisconsin and Michigan.
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Figure 8.2—Percentage of sites in Wisconsin and Michigan that
included each species or species group.

2020). Basal area, soil type, and gap size also
impacted regeneration of some species (Demchik
and others 2020).

guidelines for stump treatment to reduce the risk
of introduction and spread of Heterobasidion
root disease (Wisconsin DNR 2020).

DISCUSSION AND CONCLUSIONS

For more information, contact: Michael
Hillstrom, michael.hillstrom@wisconsin.gov.

Although most gaps had satisfactory levels of
desirable regeneration, a considerable amount
was of HRD- susceptible conifer species. We
predict that impacts to pine regeneration
may increase as seedlings become saplings
and their root systems have a greater chance
of contacting HRD-infected trees, stumps, or
spores in the soil. Pine regeneration is currently
considered desirable because the impacts of
HRD on pine regeneration over time in the Lake
States still needs to be studied. Nonetheless,
because HRD can remain active on infested
sites for decades, we expect that these pine
stands will increasingly become dominated by
hardwood species that are not impacted by HRD.
Forestry professionals should be consulted to
determine what species of regeneration are most
appropriate for an infested site. Management
recommendations will vary depending on how
many HRD infection centers exist in a pine
stand. The quantity of invasive plants will also
impact management recommendations. In
highly infested stands, regenerating to pine
species is not advised; therefore, additional
management that converts the stand away from
pine may be necessary. These changes in species
composition are likely to impact the ecology and
economic value of HRD-infested stands. For HRD
management recommendations, see Wisconsin’s
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T

he emerald ash borer (EAB) (Agrilus
planipennis Fairmaire) (Coleoptera:
Buprestidae) invasion has resulted in
the death of millions of ash (Fraxinus spp.)
trees since its 2002 detection in southeastern
Michigan and nearby Ontario. Previous studies
assessed ash mortality and effects of EAB in
urban and forested areas, but to date impacts of
EAB in riparian forests have not been evaluated.
These forests border rivers and streams, are often
hydric, and experience periods of inundations.
Riparian forest ecosystems are functionally
linked to adjacent waterways. For example,
riparian forests regulate transfers of energy into
streams via inputs of leaf litter, provide stream
structure through inputs of fallen branches and
logs, and provide shade to ameliorate aquatic
temperatures. Black ash (Fraxinus nigra) and
green ash (F. pennsylvanica) are often abundant in
riparian forests across Michigan and represent a
substantial component of the riparian overstory.
Impacts of EAB invasion, including mortality
of overstory ash, could substantially influence
terrestrial and aquatic conditions with potentially
cascading secondary effects. We conducted three
separate studies, described below, to assess ash
mortality and effects of EAB in riparian forests.

Project 1. Legacy Effects of Emerald
Ash Borer on Riparian Forest Vegetation
and Structure
Methods
We identified three watersheds in southern
Michigan that represented the general east-towest temporal progression of the EAB invasion.
Selected watersheds included the Clinton,
Grand, and Kalamazoo River watersheds (fig. 1
in Engelken and McCullough 2020a). In each
watershed, we identified a major canopy gap
resulting from EAB-caused ash mortality along
four first-order streams (12 sites total). In each
site, we surveyed vegetation and other variables
in the canopy gap and the surrounding, intact
forest using a combination of fixed-radius plots
and linear transects. Variables recorded included
the amount of light (photosynthetically active
radiation) available to vegetation in summer
and winter; species and diameter at breast
height (d.b.h.) of all standing live and dead
trees (d.b.h. ≥10.2 cm); species and number
of saplings (diameter 2.5–10 cm and height
≥0.5 m) and seedlings (diameter <2.5 cm and
height ≤0.5 m); species and percentage of
cover of shrubs and herbaceous plants; and
species, diameter, length, and decay class
of coarse woody debris (≥7.6-cm diameter).
Variables were standardized per hectare for
analysis. Comparisons between canopy gaps and
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surrounding forests and among watersheds were
performed using two-factor split plot analysis of
variance (ANOVA). Nonmetric multidimensional
scaling ordinations, permutational analysis of
variance (PERMANOVA), and indicator species
analysis (ISA) were performed to compare preEAB overstory with the current saplings and to
compare composition of vegetation in canopy
gaps and forests.

forested areas adjacent to gaps were dominated
by red maple (A. rubrum), while northern
red oak (Q. rubra), black cherry, sugar maple
(A. saccharum), and red maple were common in
overstories. Understory vegetation in canopy gaps
was dominated by dense mats of sedges (Carex
spp.). Tree seedlings were rare and often absent
in canopy gaps, presumably as a result of these
sedge mats.

Results

Discussion

Prior to EAB invasion, canopy gaps were
dominated largely by green ash and black
ash, but >85 percent of the ash basal area was
killed by EAB across all watersheds. Currently,
species richness and live basal area are lower
in canopy gaps than in the surrounding forests
(table 1 in Engleken and others 2020). Live
overstory trees were scarce in canopy gaps and
consisted primarily of American elm (Ulmus
americana), maples (Acer spp.), and swamp white
oak (Quercus bicolor). Ash trees were rare in
forests surrounding canopy gaps. These forests
comprised oaks (Quercus spp.), maples, and a
mix of other hardwoods such as black cherry
(Prunus serotina) and American beech (Fagus
grandifolia). A lower percentage of dead ash trees
remained standing in southeastern sites and, not
surprisingly, volume of ash coarse woody debris
was higher in these sites than the areas invaded
more recently. Ash saplings were abundant in
canopy gaps, reflecting the species composition of
overstory trees prior to EAB invasion. Saplings in

In the riparian forests we surveyed, the EAB
invasion has resulted in the functional loss of
mature green and black ash trees. Despite the
almost complete lack of a mature ash cohort,
consistently high sapling densities combined
with reduced EAB densities could facilitate
ash persistence in post-invasion areas. If EAB
densities increase, however, recruitment of
ash saplings into the overstory will be limited.
Continued monitoring will be important to assess
the future status and dynamics of ash and other
species in post-EAB riparian forests.

Project 2. Species Diversity and
Assemblages of Cerambycidae in the
Aftermath of the Emerald Ash Borer
(Coleoptera: Buptrestidae) Invasion in
Riparian Forests of Southern Michigan
Methods
We conducted this project in the same field
sites that were surveyed in Project 1. In each
site, we deployed two Fluon®-coated cross-vane

panel traps. One trap was deployed at ground
level at the edge of an EAB-caused canopy gap.
The other trap was suspended in the canopy
of a living hardwood tree, directly above the
ground trap. Each trap was baited with a lure
containing racemic 3-hydroxyhexan-2-one, an
aggregation pheromone known to be broadly
attractive to an array of species in several
tribes of the subfamily Cerambycinae, along
with a pouch of ultra-high-release ethanol.
Traps were deployed from May into October
of 2017 and 2018. Traps were checked at 2- to
3-week intervals to retrieve captured insects,
which were stored in 70-percent ethanol
until identification. Two-factor ANOVA was
performed on capture and species richness
data to make comparisons among the three
watersheds and between canopy and ground
traps. Nonmetric multidimensional scaling
ordinations, permutational analysis of variance
(PERMANOVA), and indicator species analysis
(ISA) were performed on cerambycid capture
data. Vegetation and coarse woody debris
recorded in sites were overlaid on the final
ordination to assess site-related features that
were potentially correlated with changes
in communities.
Results
We captured a total of 3,645 beetles
representing 65 species and five subfamilies
of cerambycids. Communities of cerambycids

captured in southeast sites, with the longest
history of EAB invasion, differed from those
collected in south-central and southwest
Michigan, which were similar. Results of ISA
suggested these differences were largely due to
three cerambycid species that were abundant
in the southeast sites. Correlation of siterelated variables and beetle captures indicated
cerambycid species assemblages were associated
most strongly with abundance and decay stage
of coarse woody debris. During both years, >90
percent of cerambycid species were captured
by mid-summer, but seasonal activity differed
among and within tribes. Numbers of beetles
captured by canopy and ground traps were
similar, but species richness was higher in
canopy traps than ground traps. Additionally,
communities of cerambycids captured in canopy
traps differed from those in ground traps.
Discussion
Results of this study suggest that influx of
ash coarse woody debris following the EAB
invasion can have temporally lagged, secondary
effects on communities of native cerambycids.
This has resulted in changes in distribution and
potentially population-level changes of several
species as ash trees break down and accumulate
on the forest floor. Our results also indicate
that for surveys to assess nonnative cerambycid
presence or native cerambycid communities,
deploying traps early in the growing season and
including both canopy and ground traps will
yield a wide array of species.
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Methods
We selected three rivers in northwest
Michigan, the Betsie, Platte, and Little Manistee
Rivers (fig. 1 in Engelken and McCullough
2020b), for this project. All are important
spawning rivers for Great Lakes salmon and
trout, provide recreational opportunities, and
have substantial stretches running through
public land. We used time-lapsed aerial images
to identify the onset and progression of
canopy gaps likely resulting from EAB-caused
ash mortality along the length of the rivers.
Perimeters of each gap were outlined and then
analyzed using ArcMap® to quantify frequency
and size of canopy gaps along each river and to
estimate the proportion of the riparian buffer
along each river that has been lost as a result of
the EAB invasion. We then surveyed a 3–5-km
stretch of each river where multiple canopy gaps
occurred. We used kayaks to access three canopy
gaps and three areas of intact forest between
gaps along each river and then established fixedradius plots and linear transects within the sites.
Variables recorded included species and d.b.h. of
standing live and dead trees (d.b.h. ≥10.2 cm);
species and number of recruits (d.b.h. 2.4–10.2
cm and height >2 m), saplings (diameter <2.4
cm and height 0.5–2 m), and seedlings (diameter
<2.4 cm and height ≤0.5 m); species and
percentage of cover of herbaceous plants; and
species, diameter, length, and decay of coarse

woody debris (≥7.6-cm diameter). Variables
were standardized per hectare and two-factor
ANOVA was used to compare canopy gaps and
intact forests.
Results
Invasion by EAB has killed >95 percent of
overstory ash trees along all three rivers. Density
of canopy gaps resulting from EAB-caused ash
mortality ranged from 3.6 to 7.1 canopy gaps/
km. Ash distribution largely followed the rivers
prior to EAB invasion. Canopy gaps caused by
dead ash trees now comprise 13 to 21 percent
of the area in the riparian forests within 100
m of the banks of all three rivers (table 3.1 in
Engelken and McCullough 2020b). These gaps
were originally dominated by a mixture of green
and black ash, which comprised 46 to 71 percent
of the total basal area prior to EAB invasion. Ash
trees were rare in intact forests, comprising <10
percent of basal area. Overstory composition
of forests surrounding canopy gaps varied
among rivers but were generally dominated
by maples mixed with bigtooth aspen (Populus
grandidentata), swamp white oak, eastern white
pine (Pinus strobus), or eastern hemlock (Tsuga
canadensis). Advance regeneration was abundant
in gaps, and green ash accounted for >40 percent
of recruits and >60 percent of saplings along all
rivers. Black ash regeneration, however, was
rare or nonexistent. Similar to observations
in southern Michigan, sedge mats dominated
canopy gap understories and few tree seedlings
occurred in gaps.

Discussion
Our results indicate that EAB-caused
mortality has created substantial and frequent
canopy gaps in riparian forests bordering
the three rivers in northwestern Michigan,
potentially threatening stability of riparian
buffers and altering aquatic conditions. As
in southern Michigan, green ash saplings
and recruits are abundant in canopy gaps,
but whether they will persist and eventually
move into the overstory remains unknown.
The absence of new seedlings in canopy gaps
indicates that if saplings and recruits do not
reach maturity, these canopy gaps may persist
over time. The lack of black ash regeneration is
particularly troubling. Continued monitoring to
quantify long-term dynamics of tree species and
effects of ash mortality on aquatic conditions of
these and other affected rivers will be important.

For more information, contact: Patrick
Engelken engelke2@msu.edu; Deborah G.
McCullough, mccullo6@msu.edu.
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C

onifers growing at alpine and subalpine
habitats are disproportionately affected by
climatic changes. Increasing temperatures
are reducing suitable growing habitat and
impacting regeneration patterns as snowpack
timing is altered. In addition to these direct
effects, tree survival at high elevations is
indirectly being affected by recent shifts in
thermal regimes favoring biotic disturbance
agents including bark beetles. Development of
strategies for conservation and protection of
high-elevation conifer species therefore requires
an understanding of their vulnerability to bark
beetle-caused mortality. Many high-elevation
pine species, for example, have become
susceptible to mortality due to the mountain
pine beetle (MPB) (Dendroctonus ponderosae,
Coleoptera: Curculionidae, Scolytinae) as
favorable thermal conditions for population
success have increased in recent decades (Bentz
and others 2014). The mountain pine beetle is
a native bark beetle found across western North
America and is among the most important tree
mortality agents in pine forests. The majority
of pine species that grow in the Western United
States are known hosts, although some species
appear to be less vulnerable to attack. Warming
in recent years has increased MPB activity,
including at high elevations where extensive
mortality has occurred in whitebark pine
(Pinus albicaulis), lodgepole pine (P. contorta),
and limber pine (P. flexilis) (Cleaver and others
2015, Macfarlane and others 2013). The relative
vulnerability of other high-elevation pine species
to MPB, however, remains unclear. Also unclear

is the role that evolved resinous defenses play in
vulnerability of a particular pine species to MPBcaused mortality.
Pines have resinous secondary metabolite
(SM) defenses, both constitutive and induced,
that have evolved for protection against bark
beetle attack, but they are metabolically
expensive and divert resources from other
processes including growth (Franceschi and
others 2005). In general, constitutive defenses
are considered reliable because they are always
available. Induced defenses, in contrast, occur
in response to an insect attack; therefore,
costs are hypothesized to be only incurred as
needed. Slow-growing and longer lived conifer
species with high costs for tissue replacement
are hypothesized to invest more in constitutive
defenses because of their reliability, and
investment in both constitutive and induced
responses is considered redundant (Cipollini and
others 2014). In a recent study, MPB attacks on
the high-elevation Great Basin (GB) bristlecone
pine (P. longaeva) were rare despite extensive
mortality of adjacent limber pine. Similarly,
in mixed stands of foxtail pine (P. balfouriana)
and limber pine, attacks on foxtail pine were
low despite high MPB-caused mortality of
limber pine. In both species with rare or low
preference by MPB, constitutive SM defense
concentrations were up to eight times that of
concentrations in co-occurring limber pine
(Bentz and others 2017). These results suggest
a level of protection from high constitutive SM
concentrations, although induced responses
have not been investigated in these species.
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Great Basin bristlecone and foxtail pine are
long-lived species, and together with Rocky
Mountain (RM) bristlecone pine (P. aristata),
they make up the bristlecone or foxtail pine
group (Lanner 2007). Although MPB attacks
have been reported in RM bristlecone (Klutsch
and others 2011), the vulnerability and defense
capacity of this species, relative to its long-lived
cousins, remains unclear. Our objectives were to
(1) quantify MPB-caused mortality within the
past 10 years in stands where RM bristlecone
and limber pines co-occur, (2) evaluate in
the field if MPB is capable of successful brood
production in RM bristlecone pine, and
(3) quantify the timing and concentration of
constitutive and induced SM defenses, and
morphological defenses, in RM bristlecone and
limber pine growing in the same stands across
the range of RM bristlecone pine.

METHODS
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Location of mixed RM bristlecone and
limber pine stands were determined using
several sources including the U.S. Department
of Agriculture Forest Service, Forest Inventory
and Analysis (FIA) Database (USDA Forest
Service 2017a), Forest Service District and U.S.
Department of the Interior National Park Service
vegetation maps, and personal communication.
Tree mortality surveys were conducted in 13
stands throughout the Colorado portion of the
RM bristlecone pine range where MPB activity
had been noted in Insect and Disease Surveys
(USDA Forest Service 2017b) or FIA plots
within the past 10 years (fig. 10.1). Sampling
for constitutive and induced resin characteristics

of the species was conducted at three sites in
Colorado and two additional sites at the southern
edge of the RM bristlecone pine distribution in
Arizona and New Mexico (fig. 10.1). To quantify
relative MPB preference for RM bristlecone pine
and other co-occurring pines growing in the
same stands, we used contiguous 405-m2 fixedradius circular plots extending linearly along a
randomly chosen azimuth for as far as MPBinfested pine continued within the location. Live
trees of all species were measured for diameter
at breast height (d.b.h.; 7.5-cm minimum). Pines
were examined for status (live, MPB-killed, or
other mortality) and for signs of dwarf mistletoe
(Arceuthobium spp.) and white pine blister rust
caused by the nonnative pathogen Cronartium
ribicola. Mountain pine beetle-killed trees were
confirmed by the presence of egg galleries typical
for MPB. For pines attacked by MPB, year of
attack can be estimated for up to 3 years postattack using characters of foliage color and
needle retention. Basal area (BA) of live and
dead trees, by species, was calculated (see Bentz
and others 2021).
Defense measurements were taken on 12
RM bristlecone and 12 limber pines at each of 5
sites (see Soderberg and others, in preparation).
At one site, co-occurring lodgepole pines were
also sampled. Constitutive SM defenses were
measured by taking a 1.8- x 6-mm phloem
plug at d.b.h. from six equidistant locations
around the circumference of the bole of each
sampled tree. The removed tissue was placed in
a vial, sealed, immediately placed on dry ice for
transport, and stored at -40 °C until processing.

Survey and sample sites

RM1-7

RM bristlecone pine

Denver Area

RM8-9
RM10

RM11-12
UT

AZ

RM15

CO

RM13

NM

RM14
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Sources: Esri, USGS, NOAA

Figure 10.1—Location of Rocky Mountain (RM) bristlecone pine mortality survey (RM 1–13) and defense sample (RM 5, 9, 13, 14, 15)
sites. Mortality surveys were conducted in 2017 and defense sampling in 2018 and 2019. Rocky Mountain bristlecone pine distribution
based on Little (1971) and Ellenwood and others (2015).

SECTION 3 Chapter 10
Forest Health Monitoring

170

To measure an induced response, the 12
constitutive sample trees were randomly chosen
to receive either a mechanical wound (n = 6)
or a wound plus fungal inoculant to simulate
an MPB attack (n = 6). For the latter, we used
a fungal inoculation of Grosmannia clavigera, a
fungal symbiont of MPB that was placed into the
1.8- x 6-mm wound created by the constitutive
sample. Inoculating trees with this MPB fungal
associate has been shown to produce an induced
response that differs from mechanical wounding
alone (e.g., Keefover-Ring and others 2016).
The timing, concentration, and composition of
induced responses on each simulated attack and
mechanical wounding tree were measured 1, 4,
and 30 days after inoculation using a Trephor
microtome sampling tool. Induced samples were
transported and stored as indicated above for
constitutive samples. Extracted phloem from
constitutive, simulated attack and mechanical
wounding sampling was analyzed using a
coupled gas chromatography-mass spectrometry
(GC-MS), and quantifications were made
relative to an internal standard. Monoterpenoids,
sesquiterpenoids, benzenoids, and a nonisoprenoid hydrocarbon were quantified and
identified by comparison of chromatographic
retention times and mass spectra with those of
commercially available standards (Soderberg and
others, in preparation). Only total SMs (sum of
all compounds) are included in this report. A
phloem sample and two cores per tree recording
the preceding 10 years of growth were collected
to analyze phloem and xylem resin ducts, and
basal area increment (10-year BAI).

RESULTS AND DISCUSSION
Stands in the mortality surveys contained a
mix of pine species, including RM bristlecone,
limber, lodgepole, and ponderosa (P. ponderosa)
pines, with RM bristlecone pine comprising
a range of 4–92 percent of all pines at each
site (table 10.1). No signs of white pine blister
rust or dwarf mistletoe were observed on
RM bristlecone pine within our plots. Based
on galleries beneath the bark of dead trees,
MPB was confirmed as the causal agent of
death in all pine species surveyed. Emergence
holes leading to pupal chambers on attacked
trees also confirmed that MPB reproduced
Table 10.1—Stand conditions and metrics of mountain pine beetle (MPB)-killed
pines at mortality survey sites (non-pines were a minor component)

Site

RM1

Species

P. aristata

Total
pine

MPBkilled
trees

Basal area Basal area
d.b.h.
(live, pre(MPB(live, preoutbreak)
killed)
outbreak)

d.b.h.
(MPBkilled)

percent

number

m2 /ha

m2 / ha

cm

cm

4.0

0

1.25

0.0

18.9

—

P. flexilis

96.0

31

28.68

7.54

18.8

21.7

RM2

P. aristata

92.4

58

52.68

12.65

31.9

33.8

P. flexilis

7.6

0

1.48

0.0

18.9

—

RM3

P. aristata

48.3

21

12.45

4.62

22.5

32.3

P. flexilis

51.7

62

34.45

24.79

35.9

45.3

RM4

P. aristata

19.4

14

6.56

4.13

26.7

28.6

P. contorta

80.6

17

15.09

3.54

18.3

24.2

RM5

P. aristata

35.7

1

6.01

0.37

22.5

28.7

P. contorta

9.8

0

3.45

0.0

34.0

—

P. flexilis

54.5

22

20.23

9.05

34.8

39.3

d.b.h. = diameter at breast height
— = no trees killed

continued to next page

Table 10.1 (continued) —Stand conditions and metrics of mountain pine beetle
(MPB)-killed pines at mortality survey sites (non-pines were a minor component)

Site

Species

Total
pine

MPBkilled
trees

Basal area Basal area
d.b.h.
(live, pre(MPB(live, preoutbreak)
killed)
outbreak)

d.b.h.
(MPBkilled)

percent

number

m2 /ha

m2 / ha

cm

cm

0

11.23

0.0

27.0

—

RM6

P. aristata

42.7

P. contorta

57.3

5

14.51

1.90

25.7

32.4

RM7

P. aristata

81.9

37

21.43

11.67

20.9

27.9

P. contorta

18.1

11

11.38

5.86

33.0

35.4

RM8

P. aristata

72.4

2

19.05

0.94

21.1

25.0

P. flexilis

27.6

0

9.84

0.0

23.9

—

RM9

P. aristata

70.7

12

10.35

2.65

23.2

25.5

P. flexilis

24.0

1

4.99

1.07

25.8

57.2

P. ponderosa

5.3

0

1.35

0.0

31.8

—

RM10

RM11

RM12

RM13

P. aristata

10.5

0

1.58

0.0

20.4

—

P. contorta

32.3

5

5.37

1.04

21.8

30.1

P. flexilis

50.4

26

11.82

5.96

25.7

30.7

P. ponderosa

6.8

2

2.19

1.41

28.8

56.0

P. aristata

88.9

10

10.16

2.34

19.6

34.4

P. contorta

2.2

0

0.81

0.0

30.1

—

P. ponderosa

8.9

3

2.55

1.16

31.7

46.5

P. aristata

90.9

2

10.50

1.62

24.0

33.5

P. contorta

6.1

0

0.32

0.0

17.9

—

P. ponderosa

3.0

0

0.38

0.0

27.9

—

P. aristata

59.9

24

12.97

3.60

22.8

32.5

P. flexilis

36.9

10

17.74

2.10

31.6

39.1

P. ponderosa

3.2

3

1.79

0.94

35.1

47.2

P. flexilis

54.5

22

20.23

9.05

34.8

39.3

d.b.h. = diameter at breast height
— = no trees killed

successfully in RM bristlecone pine. We found
that the proportion of each MPB-killed pine
species at a site was correlated with host species
availability. The proportion of a pine species
killed by MPB over the 10-year period was
best predicted by the proportion of BA of that
species in the stand pre-outbreak (F1,19 = 55.41,
p <0.0001) (table 10.1, fig. 10.2). These results
are similar to attack patterns found in mixed
stands of hosts with known vulnerability to
MPB including whitebark and lodgepole pine
stands in Wyoming (Bentz and others 2015) and
mixed lodgepole and ponderosa pine stands in
Colorado (West and others 2014). Our results,
however, are in contrast to surveys where
the closely related GB bristlecone and foxtail
pines grew in mixed stands with limber pine.
Mountain pine beetle attacks were extensive on
limber pine, low on foxtail pine, and rare on GB
bristlecone pine regardless of the proportions of
each species in the area (Bentz and others 2017).
Rocky Mountain bristlecone pine appears to be
more vulnerable to MPB attack than its close
bristlecone relatives (Bentz and others 2021).
Across all sites, RM bristlecone pine was
slower growing over the most recent 10
years than both limber and lodgepole pine.
Rocky Mountain bristlecone also had greater
concentrations of constitutive (day 0) SMs than
both limber and lodgepole pines (fig. 10.3A).
Similarly, the closely related and slower
growing GB bristlecone and foxtail pines
were also found to have greater constitutive
SMs than co-occurring limber pine (Bentz
and others 2017). Although simulated attack
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Figure 10.2—The proportion of a mountain pine beetle (MPB)killed pine species at a site over a 10-year period (2006 to 2016)
was best predicted by the proportion of basal area (BA) (m2/ha) of
that species in the stand pre-outbreak. Shown is the linear mixed
model (SAS version 9.4, GLIMMIX) regression prediction (solid
line) and the 95-percent confidence intervals (shaded area) for all
species combined (Bentz and others 2021).

trees of RM bristlecone, limber, and lodgepole
pine showed an induced increase in total SM
compounds by day 4, the response was not
different than mechanical wounding trees on
that sample date. By day 30, however, the total
response in simulated attack trees was >10x
greater than day 0 (fig. 10.3D), and also greater
than the day 30 mechanical wounding tree
responses for all species and sites (Soderberg and
others, in preparation). These results suggest

that response to a simulated attack did not occur
rapidly (i.e., within 4 days). Although a large
number of MPB attacks can occur within a few
days (Bentz and others 1996), attacks can also
be sustained over a month or longer (Bentz and
others 2014). Our results suggest trees invest
in induced defenses over a sustained period
rather than a short period immediately following
attack. In addition to having a greater level of
constitutive SMs, RM bristlecone pine also had
a greater overall induced response at day 30
than the response in limber pine. At the one site
where RM bristlecone pine and lodgepole pine
were sampled, however, lodgepole pine had a
greater induced response on day 30. Our results
suggest that investment in constitutive and
induced defenses are not mutually exclusive,
and in RM bristlecone pine, greater constitutive
defenses were correlated with greater induced
defenses (Soderberg and others, in preparation).
Pines killed by MPB have been shown to invest
less in resin duct-related defenses compared
to trees that survived MPB attack (Hood and
others 2015). In addition to xylem resin ducts,
our ongoing analyses also include phloem resin
ducts of the three species. Resin duct sampling
included constitutive (day 0), 30 days, and 1
year post-induction.
Although RM bristlecone had much greater
constitutive and induced defenses than limber
pine, trees of both species were attacked, and
attacks were most common on the species
with the greatest frequency in the stand preoutbreak. In addition to overall concentrations,
composition of SM defenses may also influence

Day 0

(A)

Day 1

(B)
Total secondary
metabolites

Total secondary
metabolites

40
30
20
15
0

30
20
15
0

RM13 RM14 RM15 RM5

RM9

RM13 RM14 RM15 RM5

Site

Day 4
60
40
20
0

Day 30

(D)
Total secondary
metabolites

Total secondary
metabolites

(C)

RM13 RM14 RM15 RM5

RM9

Site

RM9

900
600
300
0

Site
RM bristlecone pine

RM13 RM14 RM15 RM5 RM9

Site
Lodgepole pine

Limber pine

Figure 10.3—Total secondary metabolites (mg compound/g dry weight) in three pine
RM bristlecone pine
Lodgepole pine
Limber pine
species at five sites across the range of Rocky Mountain (RM) bristlecone pine (see fig. 10.1).
Samples were collected at (A) day 0 (constitutive) and post-inoculation with a mountain
pine beetle fungal associate (i.e., simulated attack) on (B) day 1, (C) day 4, and (D) day 30
(Soderberg and others, in preparation). Note the different y-axis scales among the days and
that lodgepole pine was sampled at a single site.
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MPB tree attack. Great Basin bristlecone and
foxtail pine, which had rare to low attacks,
contained >85-percent α-Pinene (- and +
enantiomers combined) (Bentz and others
2017), and high levels of this terpenoid are
known to be repellent to MPB as it can oxidize
to verbenone (Lindgren and Miller 2002). In this
study, RM bristlecone and limber pines had high
proportions of 𝛿-3-Carene, which can have both
negative and positive roles in the attack process
and survival of MPB and its associates (Boone
and others 2013, Miller and Borden 2000).

Bentz, B.J.; Hood, S.A.; Hansen, E.M. [and others]. 2017.
Defense traits in the long-lived Great Basin bristlecone
pine and resistance to the native herbivore mountain
pine beetle. New Phytologist. 213: 611–624. https://doi.
org/10.1111/nph.14191.

Our results provide baseline data for building
a foundation to better understand MPB
responses to high-elevation pines and evolved
tree defenses. More information is needed
relating defense metrics of individual trees
to successful versus unsuccessful attacks, in
addition to knowledge of individual and ratios
of compounds that influence MPB attack and
reproductive success.

Boone, C.K.; Keefover-Ring, K.; Mapes, A.C. [and others].
2013. Bacteria associated with a tree-killing insect
reduce concentrations of plant defense compounds.
Journal of Chemical Ecology. 39: 1003–1006. https://doi.
org/10.1007/s10886-013-0313-0.

For more information, contact: Barbara Bentz,
barbara.bentz@usda.gov.
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T

ree mortality associated with drought and
concurrent bark beetle outbreaks in the
Western United States is expected to increase
under warmer and drier climate regimes (Kolb
and others 2016). The combined impacts of
drought and insect outbreaks on tree mortality
have important implications for predicting forest
dynamics under climate change, yet forecasting
tree mortality is one of the most uncertain
processes in dynamic vegetation models. To
improve predictions of how climate change will
alter forest dynamics, models must be informed
by a better understanding of how tree-level
factors influence probability of mortality when
multiple disturbance agents co-occur. Some
tree-level early warning signals for droughtrelated mortality have been identified, but
few patterns have emerged across tree species,
and most studies do not consider drought
interactions with insects (Cailleret and others
2019, Camarero and others 2015). Similarly,
despite recent advances in the understanding of
physiological mechanisms underlying droughtrelated tree mortality (Adams and others 2017,
Sevanto and others 2014), much remains
unclear. This is especially true when insects are
involved (Anderegg and others 2015), as they
can affect tree carbon and water balance, both
important links to drought-related tree mortality
(McDowell and others 2008). A handful of
studies have examined why some trees die and
others survive in the face of drought combined
with insect outbreaks (Csank and others 2016,
McDowell and others 2010), but it is still unclear

whether generalizable tree-level mortality risk
factors or early warning signals exist in the face
of these interacting disturbances.
Tree die-off events can cause rapid, drastic
changes to forest structure and fuel loads, with
cascading effects on potential fire behavior and
severity (Hicke and others 2012). Dead trees
in the red stage, when needles remain in the
crowns, alter canopy fuel availability and may
have higher ignition potential and burn more
intensely. However, the red stage is transient,
and needles fall to the ground within a few
years of tree death. Surface fuel loading may
then increase as foliage, branches, and trees
decompose and fall to the ground. Previous
research on changes to fuels in beetle-impacted
forests suggests responses may vary by forest
type, with studies in the Northern Rockies
showing little change to surface fuel loads
(Donato and others 2013, Stalling and others
2017) and others from the Southeastern and
Southwestern United States reporting increased
surface fuel loading and more rapid snag fall
(Hoffman and others 2012, Xie and others
2020). Likewise, research into how high levels
of tree mortality influence fire behavior and fire
severity is also mixed and dependent on fire
weather, outbreak conditions, and time since
attack (Hood 2019, Sieg and others 2017).
The 2012–2016 drought and associated
bark beetle outbreaks in California resulted in
extensive tree mortality and provided a unique
opportunity to examine questions of why some
trees die while others survive these co-occurring
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disturbances and to increase understanding
of how subsequent bark beetle-caused
tree mortality alters fuel profiles and forest
flammability over time. Our study objectives
were to: (1) identify factors relating to conifer
tree mortality and monitor changes in vegetation
after mortality and (2) determine temporal
changes in fuel loading and hazard due to bark
beetle- and drought-associated tree mortality.
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METHODS
Sampling areas were established in 2016 in
two separate geographical areas affected by the
2012–2016 California drought and concurrent
beetle outbreaks. We installed plots in areas
of low and high recent tree mortality on the
Los Padres National Forest (LPNF; 27 plots) in
singleleaf pinyon (Pinus monophylla Torr. & Frém)
woodlands and on the Sierra National Forest
(SNF; 49 plots) in areas dominated by ponderosa
pine (P. ponderosa Lawson & C. Lawson), white
fir (Abies concolor [Gord. & Glend.] Lindl. ex
Hildebr.), and incense cedar (Calocedrus decurrens
[Torr.] Florin). Plots in the SNF sampling area
utilized an existing plot network within areas of
specific forest type and mortality level, excluding
areas of recent forest management (Pile and
others 2019). We selected a subset of 50 plots
in the network in 2016 based on mortality level
determined from 2015 Insect and Disease Survey
(IDS) data and species composition. We selected
approximately half of the plots based on low
mortality (<5 percent), and the other half based
on relatively high mortality (>40 percent). Plots
in the LPNF sampling area were selected based
on singleleaf pinyon presence and mortality

levels similarly determined from IDS data.
Individual plot selection was random within
areas of high and low mortality with singleleaf
pinyon dominance. In California, singleleaf
pinyon is a primary host to pinyon ips (Ips
confusus LeConte); ponderosa pine is the primary
host to western pine beetle (Dendroctonus
brevicomis LeConte); and white fir is the primary
host to fir engraver (Scolytus ventralis LeConte)
(Fettig 2016). Cedar bark beetles (Phloeosinus
spp.) are secondary mortality agents on incense
cedar (Fettig 2016).
We installed 0.04-ha macroplots in 2016
and monitored changes in vegetation and fuels
annually through 2019. At each macroplot,
we recorded tree species, diameter at breast
height (1.37 m aboveground, d.b.h.; groundline
diameter [GLD] for singleleaf pinyon), tree
height, crown base height, and status of all trees
≥12.7-cm d.b.h. Mortality agent was assessed
for dead trees (i.e., no green needles remaining)
based on presence and pattern of insect-specific
galleries. We estimated the percentage of faded,
dead needles remaining in the crown each year
for all dead trees. We tallied saplings (≥1.37 m
and <10-cm d.b.h.) by species, diameter class,
and status and seedlings (<1.37 m) by species,
height class, and status on a nested 0.01-ha
microplot inside the macroplot. We collected two
4.5-mm cores near groundline on two living and
two dead trees for each available species at each
plot to assess tree growth patterns and responses
to drought. We estimated fine fuel (1–100
hour), shrub, and herbaceous loading using the
Photoload method (Keane and Dickinson 2007)

at eight 1-m2 quadrats within the macroplot. We
measured litter and duff depth at one point in
each quadrat. Coarse fuel loading (1,000 hour)
and decay classes were estimated by measuring
the small and large end diameter and length of
each log ≥7.6 cm on the macroplot.
All data were entered into FFI (FEAT/
FIREMON Integrated) (Lutes and others 2009)
for surface fuel and stand density calculations.
We assessed all tree species for needle retention
and snag fall but only singleleaf pinyon,
ponderosa pine, white fir, and incense cedar for
the tree ring-based analyses of tree mortality due
to limited sample sizes (<14 cores per species)
in the other tree species. For growth analyses
and chronology building, cores were sanded and
crossdated, and rings were measured to develop
species-specific chronologies using standard
dendrochronological techniques (Stokes and
Smiley 1996). We selected a subset of six live
and six dead trees per species for stable carbon
isotope analysis based on tree dominance or
codominance within the canopy. A subset of 10
live and 10 dead trees each for singleleaf pinyon
and ponderosa pine was additionally randomly
selected from the group of successfully dated
trees to assess resin ducts (see Reed and Hood
[2021] for full tree ring methods).

RESULTS
Tree Mortality and Risk Factors
Over the course of sampling (2016–2019),
tree mortality remained fairly steady within
LPNF plots (from 27 percent in 2016 to 30
percent in 2019) but increased within SNF plots

(from 43 percent to 54 percent), particularly for
ponderosa pine (from 78 percent to 92 percent).
At the end of the study, mean plot-level tree
mortality for individual species ranged from 30
percent for singleleaf pinyon to 91 percent for
ponderosa pine but varied considerably by low
versus high mortality level. Mortality attributed
to host-specific beetles was high for singleleaf
pinyon (97 percent; pinyon ips), ponderosa pine
(93 percent; western pine beetle), and white fir
(91 percent; fir engraver), and all cored trees
had evidence of successful attack by primary
bark beetles. Mortality agents for incense cedar
were unknown or attributed to suppression
and drought.
Differences in radial growth between
surviving and dying trees were apparent only
for ponderosa pine and incense cedar. Ponderosa
pine that survived tended to have lower basal
area increment (BAI) than trees that died until
around the late 1980s–early 1990s, a time period
corresponding to a multiyear regional drought
and bark beetle outbreaks, at which point
growth differences between dying and surviving
trees decreased. In contrast, BAI of incense
cedar that survived tended to be higher than for
trees that died throughout the study period, and
particularly in recent decades. Across species,
differences in carbon isotope discrimination
(Δ13C) between live and dead trees were
inconsistent. Ponderosa pine that survived
had higher Δ13C throughout most of the study
period than trees that died. The other three
species showed weak or inconsistent differences
in Δ13C between live and dead trees. Resin duct
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Needle Retention
During the first year of sampling in 2016,
there were 26 white fir, 21 sugar pine, 12
singleleaf pinyon, and 102 ponderosa pine that
had recently died with high needle retention
for which we could track needle loss annually.
Needle loss was rapid and followed a similar
pattern for all species (fig. 11.1). In the second
year, 28 to 43 percent of needles remained, and
by year 4, all trees had virtually no needles left.

Snag Longevity
Of the 1,402 trees (including nine species)
recorded on the plots, we estimated 536 (38
percent) died from the 2012–2016 drought
and successful beetle attacks. By the last year
of sampling in 2019, 41 percent of the recently
dead trees had broken, and 20 percent of these
had broken below 1.37 m. Snag fall varied by
species, with pines (all species) falling most
quickly (table 11.1).

Fuel Loads
Fine woody surface fuel loads (1–100-hour
fuel components) were generally low for both
the LPNF and SNF sites (table 11.2). On the

LPNF, areas of high tree mortality increased in
fine woody fuel more than the low tree mortality
plots. On the SNF, there was not as clear of a
pattern, with some fuel components increasing
and others decreasing. The largest change
occurred in the 1,000-hour fuels in the areas of
high mortality. In just 4 years, 1,000-hour fuels
in the high-mortality areas quadrupled from
0.38 kg m-2 to 1.50 kg m-2 on the LPNF and
more than doubled on the SNF from 3.05 kg m-2
to 7.55 kg m-2. Fuel loads of 1,000-hour logs
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analysis of pines showed that in the 5 years
leading up to the 2012–2016 drought, some
differences emerged. Surviving ponderosa pines
had higher relative duct area and weakly greater
duct density. Singleleaf pinyon that survived had
a greater duct production (i.e., number of ducts)
and weakly higher total duct area. Full results
of tree mortality and risk factors are reported in
Reed and Hood (2021).
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Figure 11.1—Needle retention (percent) of recently killed
trees over time by species. ABCO = Abies concolor (white
fir); PILA = Pinus lambertiana (sugar pine); PIMO =
Pinus monophyla (singleleaf pinyon pine); PIPO = Pinus
ponderosa (ponderosa pine).

Table 11.1—Number and percentage of new snags created during the drought and bark beetle outbreaks by species
that were broken by end of the sampling in 2019
White
fir

Red
fir

Incense
cedar

Lodgepole
pine

Jeffrey
pine

Sugar
pine

Singleleaf
pinyon

Ponderosa
pine

Black
oak

Total

n = 91

n = 26

n = 55

n = 13

n=2

n = 48

n = 120

n = 177

n=4

536

n

15

5

20

5

0

16

45

114

0

220

%

16

19

36

38

0

33

38

64

0

41

n

2

0

12

4

0

9

31

47

0

105

2

0

22

31

0

19

26

27

0

20

Snag
condition
Broken: any
height

Broken:
below 1.37 m %

Table 11.2—Mortality and fuel loads on the Los Padres and Sierra National Forests by low- (<5 percent) and high(>40 percent) mortality plots
Low-mortality plots
2016
Mean

2019
SE

Mean

High-mortality plots
Difference

SE

Mean

2016

SE

Mean

2019
SE

Mean

Difference
SE

Mean

SE
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Los Padres National Forest
Mortality (%)

8

3

13

1-hour (kg m )

0.13

0.02

0.14

0.02

10-hour (kg m-2 )

0.18

0.05

0.15

0.03

100-hour (kg m-2 )

0.06

0.03

0.08

0.03

0.02

1,000-hour (kg m-2 )

0.06

0.01

0.10

0.03

0.04

-2

5

5

4

61

5

62

0.00

0.02

-0.03

0.04

4

1

0.09

0.02

0.12

0.04

0.01

0.02

0.00

0.03

0.38

0.27
4

76

1

0.13

0.02

0.04

0.01

0.17

0.04

0.05

0.02

0.10

0.02

0.08

0.02

1.50

0.44

1.12

0.28

3

10

2

Sierra National Forest
Mortality (%)
-2 )

21

3

29

3

7

2

66

0.09

0.02

0.10

0.02

0.01

0.01

0.06

0.01

0.09

0.01

0.02

0.01

10-hour (kg m-2 )

0.26

0.06

0.15

0.02

-0.11

0.05

0.16

0.03

0.17

0.02

0.01

0.03

100-hour (kg m-2 )

0.34

0.09

0.13

0.03

-0.21

0.09

0.34

0.10

0.20

0.04

-0.14

0.10

1,000-hour (kg m-2 )

2.65

0.62

3.43

0.64

0.78

0.24

3.05

0.62

7.55

0.95

4.51

0.89

1-hour (kg m

SE = standard error

increased positively with tree mortality level
(fig. 11.2). More detailed surface and canopy
fuels and fire hazard analyses are ongoing.
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The predicted increase in the intensity and/
or length of droughts, combined with changes
in bark beetle dynamics associated with climate
change (Kolb and others 2016), requires a better
understanding of how severe disturbance events
influence mortality at the tree level if we are to
effectively predict future forest mortality. Risk
factors associated with tree-level mortality differ

LPNF
SNF

15

10

5

0
0

25

50

75

100

Mortality level (percent)
Figure 11.2—Change in 1,000-hr fuel loads from 2016 to
2019 by overstory (≥12.7-cm d.b.h.) tree mortality level on
the Los Padres National Forest (LPNF) and Sierra National
Forest (SNF).

among tree species, and generalizable patterns
become less clear when bark beetle outbreaks
occur in concert with a particularly long, hot
drought, likely a reflection of unique strategies
for dealing with these disturbances. For
ponderosa pine, both long-term differences in
tree physiology and shorter term beetle-related
selection and variability in defenses influence
susceptibility to drought and beetle attacks. For
singleleaf pinyon and white fir, however, longterm variability between trees that survived and
those that died is less clear, and beetle dynamics
may play a more prominent role in mortality
patterns. Incense cedar, in contrast, for which we
see limited evidence of beetle-related mortality,
appears to be primarily influenced by long-term
differences in growth rate and stand dominance,
which likely impact resource availability and
susceptibility to drought. It is also possible that
cedar bark beetles may have contributed to
incense cedar death (Stephenson and others
2019). Models that aim to predict tree-level
mortality under future climate scenarios will
need to account for extreme drought events and
may need to consider multiple species-specific
risk factors to more accurately predict tree death.
Failure of newly dead trees was high,
especially for pine species and incense cedar,
considering we only monitored trees for 4 years
from 2016 to 2019. Our results are conservative,
as our sampling does not include trees that died
in the 2012–2016 drought but that fell before
2016. Landram and others (2002) conducted a
large study of snag demography in California
over 9 years. While our monitoring period

was much shorter and sample sizes lower than
theirs, our dead ponderosa pine annual fall rates
are consistent with that study at an annual 6.5
percent versus 6.9 percent. However, our fall
rates are higher for lodgepole pine (7.8 versus
3.8) and incense cedar (4.3 versus 2.5) and
lower for white fir (0.5 versus 3.7) than what
Landram and others (2002) reported. The high
snag fall raises concerns for people working,
including fire fighters, and recreating in areas of
high tree mortality.
The timing and degree of change to fuel
profiles from bark beetle outbreaks varies greatly
by forest type, with implications for subsequent
wildfire behavior and severity (Hicke and others
2012, Jenkins and others 2012). Falling snags
increased 1,000-hour fuel loading in the areas
of high mortality, whereas we found fewer
changes in fine woody surface fuels despite
heavy needle loss. Given that trees dropped
their needles within about 3 years of death
and the high snag fall rates, we anticipate that
any increase to potential crown fire behavior
would be short-lived as canopy fuel loads will
continue to decrease over time, but additional
analysis is needed. High levels of tree mortality
influence other aspects of subsequent wildland
fire besides potential fire behavior, such as
spotting potential, fire severity, fire suppression
tactics, and firefighter safety (Fettig and others
2021, Hood 2019). The vast area impacted by
the drought and outbreaks will likely influence
wildfire hazard, with increased connectivity
of fuels over thousands of acres. Stephens and
others (2018) raised the possibility of mass fires

occurring in these forests over the next several
decades that are much higher in intensity and
have unpredictable fire behavior compared to
individual wildfires. Ecological changes related
to altered forest structure and composition from
the drought and bark beetle outbreaks are also
anticipated (Fettig and others 2019, Stephenson
and others 2019, Young and others 2020).
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INTRODUCTION

T

he historic drought and bark beetle outbreak
in California that peaked 2014–2016 resulted
in high levels of tree mortality at a landscape
scale. Millions of trees were reportedly affected,
primarily ponderosa pine (Pinus ponderosa),
but also Jeffrey pine (P. jeffreyi), sugar pine
(P. lambertiana), white fir (Abies concolor), and
red fir (A. magnifica) (USDA Forest Service
2020b). U.S. Department of Agriculture Forest
Service, State and Private Forestry, Forest
Health Protection (FHP) delivers forest health
information, including Aerial Detection Survey
(ADS) data in support of the national Insect and
Disease Survey (IDS). Aerial Detection Survey
polygons are sketch-mapped from aircraft and
attributed with disturbance agent and host
and with estimated trees per acre (TPA) with
mortality. Focus is typically on the upper forest
stratum, defined for our study in the Sierra
Nevada as conifers >11 inches diameter at breast
height (d.b.h.).
As tree mortality progressed in 2014, highquality, near real-time data were needed to
facilitate timely management response. Toward
this end, FHP undertook an evaluation of
potential improvements to ADS, including
integration of alternate technologies. Recently,
satellite-based remote sensing methods and
processing systems have emerged to detect
stand- and landscape-level changes, including
the Ecosystem Disturbance and Recovery
Tracker (eDaRT; Koltunov and others 2020).
eDaRT products provide information on

vegetation disturbance events derived from
Landsat satellite imagery at the 98-foot (30-m)
scale. The onset of these events is attributed
to a 2-week time period, and each event has a
relative intensity that corresponds to canopy
cover loss. The eDaRT system is both flexible and
efficient for operational implementation needs,
has demonstrated high accuracy (Koltunov
and others 2020), and is in use for several
applications in California.
Although both eDaRT and ADS may be used
to represent forest mortality information, each
one reports different metrics at different spatial
and temporal scales. The overall goal of our
Evaluation Monitoring project (EM-18-WC)
funded by the Forest Service, Forest Health
Monitoring program was to provide a rigorous
assessment of ADS and eDaRT products and
outline recommendations for complementary
use by land managers. To meet this goal, our
specific objectives were to (1) develop and
execute a ground-based sampling strategy to
compare ADS and eDaRT to reference validation
data, and (2) make recommendations for
appropriate use of data in varied applications.

METHODS
Our study area (104,795 acres) was located
on the Sierra National Forest (SNF) in ponderosa
pine and mixed conifer forests at elevations
between 2,800 and 7,600 feet (fig. 12.1). Our
sample consisted of 57 total ADS polygons
(Damage Type 2 for mortality) and eDaRT
(version 2.9) outputs for the entire study area
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Figure 12.1—Map of study area on the Sierra National Forest, CA, including field plots and Aerial Detection Survey (ADS) polygons
(years 2016 and 2018 only used in analysis).
for 2016 and 2018, years for which several ADS
mortality polygons were mapped in the study
area. Our analysis focused on ADS locality and
relative severity data, which could be compared
to eDaRT. All field sampling occurred in 2018,
and our design targeted a primary sampling
area based on a priori information about tree
mortality occurrence (fig. 12.1). Within this
area, we sampled 161 Landsat pixels (98 x 98
feet) within ADS polygons, and 21 pixels outside

polygons, all randomly selected within forest
types, excluding known fires or vegetation
management projects, and prioritized by
accessibility. Field technicians recorded tree
needle color and decay class, as based on fine
twig, bole, and bark characteristics to estimate
year of death as presumptively recorded by aerial
survey. Decay classes followed Forest Service
procedures (USDA Forest Service 2020a), and
needle color characteristics were based upon

Miller and Keen (1960) and further refined
for the Sierra Nevada montane belt based on
input from Forest Service pathologists and
entomologists (key available upon request).
At the time of this project, the primary metric
for magnitude of change for eDaRT events was
a relative proxy for canopy cover loss, based on
the temporally integrated standardized residuals
of modeling vegetation indices (e.g., normalized
difference vegetation index [NDVI]) before and
after tree mortality events, a metric termed
“confidence” (Koltunov and others 2020). We
used field and imagery inspections to identify
a threshold for spectral change, above which
pixels were determined to be significantly
affected by tree mortality, a class hereafter
referred to as mortality pixels (eDaRT confidence
>50). This relatively simple calibration would
not necessarily apply elsewhere in the State, but
at the time of this project, the threshold provided
a simple and consistent method to deliver an
estimate, while more robust estimators of event
severity are under development in eDaRT. It
is important to note that eDaRT products do
not directly describe the number of trees, live
or dead, but the degree to which each pixel is
affected. Therefore, tree density products were
created using F3, an interpolation algorithm
developed at the Forest Service Pacific
Southwest Region Remote Sensing Lab that uses
Forest Inventory and Analysis (FIA) data and
Landsat imagery to map forest stand metrics
(Huang and others 2018). By overlaying F3

density of trees (prior to mortality) with eDaRT
mortality products, we derived estimates of dead
tree numbers from this combined eDaRT-F3
product. Resulting values are single estimates
per pixel, with error rates for F3 and eDaRT as
reported by Koltunov and others (2020) and
Huang and others (2018), respectively.
Total dead tree numbers as derived from plots,
ADS, and eDaRT were computed at the scale of
individual ADS polygons and across the entire
study area. For the plots, we multiplied mean
density of dead trees by respective area acreage
to determine the plot-based total for dead trees.
For ADS data, we multiplied the dead TPA for
each polygon by its acreage to derive total dead
tree numbers. eDaRT mortality pixels were
combined with F3 tree density data to compute a
combined eDaRT-F3 result for the total quantity
of dead trees. Error matrices comparing ADS
to plot-based TPA estimates were created by
computing means of dead tree densities for field
plots within each polygon and binning values
into TPA categories in increments of 10. User’s,
producer’s, and overall accuracy were calculated
for ADS following Pontius and Millones (2011).
Logistical difficulty in precisely colocating
ground plots with Landsat pixels led us to rely
upon the polygon-scale comparisons of eDaRT
to plot-based and ADS data, and also upon the
high-resolution imagery-based assessment as
reported by Koltunov and others (2020) for
pixel-based error rates.
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For 31 out of 36 ADS polygons mapped in
2016 (one of 37 polygons was discarded due to
an apparently mislabeled TPA value of zero),
the plot-derived densities of dead trees in the
polygons (tallied in 2018; red phase; decay
classes 2, 3, and 4; i.e., estimated 2–4 years since
mortality) were lower than ADS data (fig. 12.2).
For year 2018 ADS polygons, plot-based TPA
estimates (tallied in 2018, red or yellow phase,
decay classes 1 and 2) were also lower than
ADS assignments in 17 out of 19 polygons.
User’s and producer’s accuracies, representing
omission and commission errors for each TPA
class, ranged from 0–50 percent, and overall
accuracies for 2016 and 2018 report years
were 3 and 10 percent, respectively (fig. 12.2).
Because of the difficulty in assigning year of tree
(A) 2018

ADS TPA class
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death in the field, we allowed for a 1–2-year
systematic misassignment by field technicians
(i.e., up to three decay classes to represent the
2016 ADS report year, and two decay classes
for 2018) but still found that ADS routinely
over-estimated TPA. When compiling all TPA
bins and examining accuracy only in terms of
presence/absence of mortality in polygons, we
found overall 40-percent accuracy for 2018 and
75-percent accuracy for 2016.
Across the study area, we found 48,414 acres
in year 2016 ADS mortality polygons, in contrast
to 7,048 acres as estimated by eDaRT. At the
extent of the entire SNF, ADS mapped 181,725
acres with mortality in 2016 compared to
51,298 acres mapped by eDaRT, demonstrating
a consistent pattern of greater area estimates
from ADS compared to eDaRT. Aerial Detection
(B) 2016
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Figure 12.2—Error matrices representing disagreement between Aerial Detection Survey (ADS) and plot-based dead trees per acre (TPA) in
polygons. Cell values are numbers of ADS polygons. Plot-based trees were >11 inches d.b.h. and included decay classes 1 and 2 for year 2018
(A) and decay classes 2, 3, and 4 for year 2016 (B). Raw values only are displayed; an area-based matrix with corrections following Pontius
and Millones (2011) produced almost identical values.

Survey estimated a total of 1,954,086 dead trees
in 2016 across our study area. This is in contrast
to the plot-based estimate of 154,453 total dead
trees (measured in 2018 as red phase decay class
2, >11 inches d.b.h.). A temporal allowance of
+/- 2 years for potential misassignment of time
of death by field technicians would be required
to bring ADS estimates within the plot-based
range of values for both flight years 2016 and
2018 (data not shown). Given the criteria we
used to assess timing of death, and the fact that

the criteria were largely developed for disease
agents and hosts within our study area, it is
unlikely that misassignment in timing of death
explains the large departures between datasets.
The combined eDaRT-F3 data indicated that
the study area contained 488,945 dead trees in
2016. In both years 2016 and 2018, eDaRT-F3
estimates fell within the range of plot-based
data given +/- 1-year error allowed for field
assignment in time of death (fig. 12.3).
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Figure 12.3—Dead trees per acre (TPA) estimates from ADS polygons, eDaRT-F3, and plot-measured means
with standard error (SE) bars, with plot sample size per polygon for 2 years.
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We generally found fewer dead trees within
plots than corresponding ADS polygons
indicated, both for 2016 and 2018 report years.
Even given a temporal margin of error for field
personnel assigning time of tree death of up
to 2 years, we found that overall, plot-based
estimates matched polygon estimates in TPA bins
in only 3–10 percent of cases. Notably, a previous
assessment of ADS across multiple States in the
United States during less severe mortality events
found a general pattern of underestimation of
dead TPA as compared to ground- and imagerybased measurements (Coleman and others 2018).
In our study area, extremely severe mortality
occurred over numerous years, and in numerous
species with inconsistent crown fade patterns. As
a result, sketch-mapping required representation
of complex patterning. Aerial Detection Survey
practitioners report that in large events such
as this, observations of dead tree patches are
“lassoed” into larger and potentially more diffuse
polygons to facilitate consistent tracking during
flight; practitioners typically refer to polygons as
areas “with” (i.e., that contain) mortality rather
than “of” (i.e., totally affected by) mortality
to make this distinction. Our findings were
consistent with that trend, in which polygons
with high TPA labels contained areas without
dead trees. At the scale of the study area and of
the SNF administrative unit, acreages of eDaRT
mortality were generally lower than those
reported by ADS. This may be partially due to
the “lasso” effect of mapping extensive mortality
that essentially lumps together several areas of

acres with mortality, rather than splitting more
tightly defined acres of mortality. Accordingly,
FHP specifies in ADS metadata that products
should be utilized at spatial scales of 1:100,000
or smaller and that overlays with other spatial
products should be approached cautiously (USDA
Forest Service 2020b).
Some discrepancy may also be explained by
missed detections of low-magnitude mortality in
eDaRT. However, levels as low as 5-percent cover
loss have up to a 56-percent chance of detection,
making missed detections relatively uncommon,
especially in denser forests (Koltunov and others
2020). Another source of disagreement is likely
rooted in each dataset’s method to identify timing
of tree death. eDaRT timing is identified by the
date of the first Landsat image (every 8–16 days)
in which an anomaly is detected, and which
may include invisible changes, such as canopy
drying. Aerial Detection Survey mappers use
visual cues based on canopy color to determine
the year of mortality onset. However, because
the severity of drought advanced the rate of
canopy change, and because mortality expanded
and intensified over numerous years, identifying
precise timing of mortality onset from aircraft
during this extreme event was challenging. There
is also error associated with back-dating mortality
on the ground given different fade patterns by
species and in different microclimates; however,
our 2–3-year temporal allowance for error in
plot-based assignments reduces the likelihood
that this factor explains the discrepancy. Lastly,
eDaRT identifies disturbance dates based on the
first image in which an anomaly is expressed.

However, if clouds or other factors compromise
image quality, detection onset may be delayed,
in some cases even until the following year.
The difference in total numbers of dead trees
between ADS and the eDaRT-F3 across the
study area in part reflects the differences in the
areal extent (acreage) of mortality between the
datasets. However, our findings show that the
disagreement also stemmed from the ADS TPA
estimate itself, which was greater than both
the plot-based and eDaRT-F3-based values.
Importantly, at the time of our analysis, ADS
polygons were not labeled with an estimate of
the proportion of the polygon (percentage of
area) affected by mortality; this method was
implemented in 2019. Additional validation
will be required for this new metric, but it may
be expected to increase the accuracy of derived
metrics for numbers of dead trees from ADS
because it potentially corrects for overestimation
caused by the “lasso” effect.
Although deriving total numbers of dead
trees from either ADS or eDaRT is possible,
both methods should be approached with
caution. Because tree numbers are not easily
counted from aircraft, nor are they strongly
correlated to spectral indicators in imagery,
alternative mortality metrics, such as basal area,
volume, biomass, or percentage of area affected
may provide more reliable indicators for the
magnitude of change. The former two metrics
are currently available using eDaRT and F3,
and the latter is a standard attribute for ADS
products since 2019.

CONCLUSIONS
Practically speaking, forest health information
must be accurate enough to guide allocation of
funds and resources at a subregional scale and
to plan and implement project prescriptions at
the stand scale. Table 12.1 provides a simple
decision-making matrix to assist users in data
selection for determining tree mortality levels
for land management applications and analyses.
This matrix reinforces the importance of recent
direction in the IDS program to enhance
integration between aerial detection, groundbased assessments, and a range of remote
sensing techniques, such as eDaRT and F3.
Recommendations for future development and
assessment of ADS and eDaRT methods are
summarized into a few main points:
• The new ADS label for the percentage of
a polygon affected is expected to improve
the accuracy and utility of ADS dead tree
products, although it will require both
validation and quality control to reduce bias
between observers. Similarly, the confidencebased threshold used to estimate severity
of eDaRT events will be improved upon
through the upcoming release of a Mortality
Magnitude Index to directly estimate
canopy cover loss, and F3 products will be
improved by the recent implementation of
intensification of remeasurement from a
10- year to a 5-year cycle.
• Demand for reference validation datasets
remains high. “Virtual plots” in which
analysts measure canopy cover change
within Landsat pixels using high-resolution
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Table 12.1—A decision-making matrix to assist users in data selection for determining tree mortality levels for
land management applications and analyses
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Suitability of data currently available

Recommended developments

Agent and host
tree species
affecting area

ADS attributes for host type affected and agent are
generally highly accurate (refer to Coleman and others
[2018] and citations therein for assessment).

An eDaRT mortality-type classifier is
currently under development, and ADS and
ground plots may assist in training.

Acreage of tree
mortality events

ADS is available but subject to error as reported in this
chapter. ADS reports acres with mortality rather than
acres of mortality.

Validation of ADS percentage of area
affected metric

Number of
trees affected
at district or
broader scale

Basal area or
volume affected
by mortality
event

Settings and
situations most
appropriate for
current use

eDaRT is appropriate from stand scale to State scale but
relies on proxy for magnitude of events.

eDaRT Mortality Magnitude Index to
quantify canopy cover loss is planned to
replace proxy method (data release targeted
for 2021).

ADS is available but subject to error as reported in
this chapter.

Validation of ADS percentage of area
affected metric
Investigation of dependency of accuracy
on polygon size and proximity to
polygon perimeter

eDaRT-F3 was found to be highly accurate in our
study area.

Additional eDaRT-F3 validation is
recommended elsewhere prior to use.

ADS may be used with standard tree allometry to derive
these metrics, but no validation is available, and is subject
to potential overestimation as found for number of trees.

Metrics are best suited to imagery and
LiDAR-based approaches and are not likely
to be developed in ADS.

Combine eDaRT with F3; validation is not available, but
basal area and volume are generally more readily modeled
than number of trees.

Combined eDaRT and F3 products require
additional validation for these metrics.

ADS highlights broad-scale and annual trends, and
detects small-scale and highly dispersed or light-severity
events where agent and host identification are important.
eDaRT-F3 is suitable for stand-level to regional analysis
and currently best detects tree mortality in denser
stands. eDaRT is also suitable for applications where high
temporal resolution for disturbance onset is required.

The current study mainly compared ADS
and eDaRT in the context of a severe
and discrete mortality event. Continued
exploration of product integration to exploit
the strengths of each will be highly valuable.

ADS = Aerial Detection Survey; eDaRT = Ecosystem Disturbance and Recovery Tracker; F3 = an interpolation algorithm that uses Forest
Inventory and Analysis data and Landsat imagery to map forest stand metrics.

imagery such as National Agriculture Imagery
Program (NAIP) or from Google Earth provide
an efficient means to create reference data
for eDaRT (Koltunov and others 2020).
Statewide LiDAR acquisitions, especially in
conjunction with high-resolution imagery to
assess crown fade and moisture, will provide
for continued broad-scale assessment of both
ADS and eDaRT. Implementation of these
remote sensing-based methods will allow for
improved targeting and efficiency of smaller
scale ground-based validation efforts.
• Leveraging the unique strengths of diverse
monitoring methods is becoming increasingly
important as broad-scale tree mortality
events unfold. Directing ADS flights toward
core areas for targeted host and agent
assessment will not only minimize risk for
flight personnel but will complement remote
sensing techniques by helping to train
broad-scale models and to direct on-theground assessments.
For more information (including full EM-18WC report), contact: Michèle Slaton, michele.
slaton@usda.gov.
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INTRODUCTION

T

he invasive emerald ash borer (Agrilus
planipennis; EAB) is currently present in five
Canadian provinces and 35 States, including
Arkansas, and has caused mortality of millions
of ash (Fraxinus spp.) trees across the continent
(Herms and McCullough 2014). The regulatory
response following the initial 2002 EAB
discovery took the form of large-scale detection
surveys and establishment of quarantines to slow
or prevent human-aided spread (BenDor and
others 2006). Imposed quarantines restricted the
movement of ash nursery stock and products,
including firewood, from known infested areas.
In Arkansas, a quarantine was implemented
in September 2014 covering 25 counties,
including six with confirmed EAB infestation
sites. This quarantine was expanded in October
2016 to include eight additional counties,
following confirmations in Randolph County
and additional counties within the original
quarantine area, and was further expanded to a
statewide quarantine in March 2018. Detection
surveys were usually not followed by delimiting
surveys to establish infestation extent, estimate
EAB population density, and provide baseline
data for monitoring.
Quarantine and management strategies
rely on understanding the current extent and
severity of the infestation. Satellite colony
establishment complicates making management
decisions (Muirhead and others 2006) and,
based on distances from known infested
locations, may highlight quarantine effectiveness
and relative contribution of human transport.

More realistic parameterization of local and
regional EAB spread models requires empirical
data on realized spread (Siegert and others
2015). Moreover, information on the current
infestation extent and severity would provide
the basis for risk assessments and prioritization
of treatment areas. The objectives of this study
are to (1) document the extent, severity, and
progression of EAB infestation in Arkansas; and
(2) reconstruct EAB-induced ash tree mortality
patterns as a surrogate for realized spread and
infestation progression.

METHODS
The study area encompassed 17 southern
Arkansas counties in which EAB was confirmed
as of December 2017. The area is within the
South Central Plains and Ouachita Mountains
ecoregions (Woods and others 2004). Ash trees
are sparse, representing 1 percent of gross live
tree total bole volume within each of the two
ecoregions, and are mainly distributed along
major streams and rivers. The most pronounced
ash distribution within the study area is
found along the Little Missouri River and the
Ouachita River in Clark and Ouachita Counties,
respectively (fig. 13.1A).
Adult catches from EAB detection efforts since
2014 were compiled into a geodatabase. Data
sources included original trapping, which was
used to confirm EAB presence in a county as
part of EAB national surveys, and any additional
detection traps that were deployed within a
county after confirmation. Detection traps
(purple panel traps with [Z]-3-hexenol lures
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Figure 13.1—(A) Green ash basal area
distribution along major streams and
rivers within the two Arkansas ecoregions
that encompass the 17 counties of the
study area; (B) the 6- x 6-mile grid used
for trapping of emerald ash borer (EAB)
and reconstruction of EAB-induced
ash tree mortality patterns; (C) EAB
detections (positive adult catches), over a
5-year period from 2014 through 2018;
(D) EAB county-level yearly confirmation
with yearly and 5-year spatial summary
statistics (mean, median, and standard
distance circle of one standard deviation)
of positive detections. Ecoregion level
III boundaries (Woods and others
2004) are included for reference. Green
ash distribution data derived from
Individual Species Parameter Maps by
the U.S. Department of Agriculture Forest
Service, Forest Health Protection (FHP),
Forest Health Assessment and Applied
Sciences Team (FHAAST). (Data sources:
FHP, FHAAST, and Arkansas GIS Office)

placed in the lower crowns of ash trees) were
deployed within confirmed counties using a 6- x
6-mile grid encompassing the 17-county study
area (fig. 13.1B), following the U.S. Department
of Agriculture Animal and Plant Health
Inspection Service (APHIS) EAB national survey
guidelines (USDA APHIS 2015). Species identity
of captured EAB adults in detection traps was
confirmed under the microscope as outlined in
Parsons (2008). Using the compiled geodatabase
for EAB adult catches, infestations were mapped
for the 17 counties over a 5-year period from
2014 to 2018 (fig. 13.1C).
To reconstruct EAB-induced ash mortality
patterns, as a surrogate for realized spread and
progression, the year of death at an annual
resolution was determined for standing dead ash
trees (i.e., snags). Radial increment cores were
collected from declining, dead, and live trees
across an area encompassing the majority of four
counties with an initial confirmation in 2014,
approximately 2,000 square miles (fig. 13.1B).
The four counties (Clark, Dallas, Ouachita,
and Nevada) represented an area with the
earliest infestation date in Arkansas and highest
abundance of ash. Systematic ash tree surveys
were conducted in March and April of 2019
to locate and georeference EAB-symptomatic
trees: trees with D-shaped exit holes, epicormic
branching, woodpecker feeding, bark splits, and
general canopy decline. Field visits utilized the 6x 6-mile grid previously used for detection traps
and included a total of 56 grid cells (fig. 13.1B).
Due to higher abundance of ash trees along rivers
and waterways, 18 grid cells covering the Little

Missouri River, Ouachita River, Two Bayou, Freeo
Creek, Terre Noire Creek, Deceiper Creek, Terre
Rouge Creek, and Antoine River were sampled
with higher intensity with an average of five ash
trees sampled per grid cell (fig. 13.1B). No ash
trees were found within five grid cells. Three ash
trees per grid cell, on average, were randomly
selected for sampling from the remaining 33
grid cells. Ash selection focused on dead and
dying trees but included a minor component of
asymptomatic live and symptomatic declining
trees to ensure feasibility of crossdating ash snag
cores. A total of 179 ash trees were sampled, 77
percent of which were snags.
Within each grid cell, snags were defined as
standing dead ash trees with no visible buds
or leaves but exhibiting symptoms of EAB
infestation. Ash trees were classified into five
decline classes ranging from 1 to 5, with a rank
of 1 being healthy and 5 being standing dead
(Knight and others 2012, Smith 2006). Trees
with decline classes 1 through 4 were used as
reference in crossdating and determination of
year of death. To capture EAB-induced mortality
and not that of other causal factors, such as
density-dependent mortality, trees were selected
if they were currently or previously in the canopy
as judged from size and characteristics of trees,
and gaps when tops were broken. Consequently,
trees along edges of forest stands and trees with
dominant and codominant crown positions were
favored in sample selection. Sampled locations
represented urban, rural residential, and forested
or wooded areas. Georeferenced asymptomatic
and declining ash trees’ and snags’ diameter at
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breast height (d.b.h.), total height, crown position
class (dominant, codominant, intermediate, or
suppressed), and decline status were recorded.
Snag decay status was also recorded using a
three-level categorical variable as: 1 = recently
dead tree with fine branches present and intact
bark and top; 2 = declining snag with most fine
branches missing but large limbs present or
broken, broken top, and loose or sloughing bark;
3 = decayed snag with no coarse branches and
sloughed off bark.
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Two radial increments were collected at
breast height at right angles for each sampled
tree. Tree cores were air dried, glued, sanded,
and processed following standard methodology
(Stokes and Smiley 1968). Tree cores were
scanned using an Epson® Expression 11000XL
scanner and Epson® scanner software. The width
of each tree ring was measured to the nearest
0.000039 inches (0.001 mm) using WinDendroTM
software. Cores were visually, graphically, and
statistically crossdated by matching patterns in
tree ring widths among samples from the same
tree and then trees within a grid cell. COFECHA
software was used to verify measurement quality
and perform statistical crossdating (GrissinoMayer 2001, Holmes 1983). Master chronologies
developed using COFECHA from asymptomatic
and declining ash trees with calendar year
assigned to each annual growth ring were
compared to tree ring widths from dead trees.
Year of death was assigned to the outermost ring
based on marker years and pattern matching
with the master chronology, and quality of dating
was checked using the undated series option in

COFECHA (Bataineh and Daniels 2014, Daniels
and others 1997, Siegert and others 2014).
Year of death estimates for each tree location
were mapped and used in spatial overlays with
adult trap catches. Ash distribution maps from
the Individual Tree Species Parameter (ITSP)
maps (Ellenwood and others 2015) were also
used in the overlay analysis to examine effect
of host abundance and distribution on EAB
realized spread. The ITSP green ash (Fraxinus
pennsylvanica) raster basal area estimates were
clipped to the study area and then reclassified
into three basal area-based abundance classes.
Other available spatial datasets including roads,
public land boundaries, and number of camp
and lodge structures (used for hunting, fishing,
hiking, and other recreational purposes) were
also used in overlays. Spatial statistics and point
density estimates were calculated for year of
tree death and trap catch layers using ArcGIS
10.7 tools.

RESULTS AND DISCUSSION
For the 5-year period, 2014 through 2018,
229 traps were deployed across the study area.
Overall detection rate was 47 percent for the
entire time period, with 107 positive catch
traps and 122 traps with no catches. The EAB
detections radiated outward from the original
seven locations encompassed by the six counties
confirmed in 2014 (figs. 13.1C and 13.1D). In
some cases, EAB was detected 80 to 90 miles
away from known infestations as was the case
for detections in Monroe County, outside the
study area. Similar to other areas nationwide,

outlier populations continued to appear within
the designated quarantine zone in Arkansas,
and outreach campaigns did not seem effective
in limiting infested material transport as was
previously hypothesized (Siegert and others
2015). The median location for the point pattern
created by adult trap catches for the 5-year
period was centered at latitude 33.70833°N
and longitude -92.893242°W, located along
the Ouachita River between Old River Island
to the north and Tulip Creek to the south
(fig. 13.1D). The mean location (33.81212°N,
-92.890096°W) was centered 7 miles due north
of median near the corners of Dallas, Clark, and
Ouachita Counties (fig. 13.1D). The mean and
median locations represented the spatial centers
of the detection pattern over the 5-year period
with less influence of perimeter traps on the
median than mean center. A standard distance
of 50 miles, one standard deviation, radiating
from the mean center contained 81 percent of
positive trap catch locations over the 5-year
period. For each trapping year, mean centers and
standard distances reflected the outward spread
and dispersion of EAB detections with 1.8- and
1.2-fold increases in standard distance for 2017
and 2018, respectively (fig. 13.1D). Increases
in standard distance were more drastic when
detection records outside the study area were
included, with 1.5-, 2-, and 3-fold increases
in standard distance for 2016, 2017, and
2018, respectively.
A total of 179 ash trees were georeferenced
and measured. Ash snags made up 77 percent
of the sample (138 trees) with an additional

11 percent (19 trees) in severe decline. Mean ±
SD (standard deviation) of d.b.h. and total height
for all sampled trees were 9.4 ± 4.3 inches and
48.6 ± 19.1 feet, respectively. Ash trees, live
and dead, were mainly of the dominant or
codominant crown positions (82 percent), and
the remaining were of intermediate or suppressed
position (18 percent). Most ash snags were also
dominant or codominant (82 percent). Based on
branch, top, and bark conditions, most ash snags
were recently dead (65 percent) or in a moderate
decline stage (21 percent).
Trap detection of EAB appeared to lag behind
EAB-induced ash tree mortality by at least
1 year (fig. 13.2). Earliest EAB-induced mortality
occurred in 2013 with the majority (68 percent)
dying within 2 years of the first State detection,
indicating that ash trees may be dying within
a shorter time frame compared to the 6-year
period reported at the northern range (Knight
and others 2012). Stand density was reported
to influence ash mortality rates with more
rapid mortality in stands, as those reported in
this study, with low density (Knight and others
2012). Only a few trees along the Terre Noire
and Terre Rouge Creeks in Clark and Nevada
Counties, respectively, had died in 2013. Ash
tree mortality had progressed along the Little
Missouri River in 2014, spanning 20 to 30 miles
in a counter flow direction, when the first State
detections were reported. About half (55 percent)
of 2014 ash snags were in Clark County, with 18,
14, 5, and 5 percent of 2014 snags in Nevada,
Ouachita, Hempstead, and Dallas Counties,
respectively. Nearest positive trap detections, in
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Figure 13.2—Annual progression in (A) 2013, (B) 2014, (C) 2015, (D) 2016, (E) 2017, and (F) 2018 of emerald ash borer-induced mortality in
relation to annual positive trap detections, host abundance and distribution, and other cultural features such as roads, camps, and public lands
within an area encompassing the majority of four Arkansas counties. Green ash distribution data derived from Individual Species Parameter
Maps by the U.S. Department of Agriculture Forest Service, Forest Health Protection (FHP), Forest Health Assessment and Applied Sciences Team
(FHAAST). (Data sources: FHP, FHAAST, and Arkansas GIS Office)

2014, were between 0.3 and 11 miles from an
ash snag killed that year, but a distance of 6.5
to 15.6 miles separated these detections from
an ash snag killed in 2013. Public lands in Clark
and Nevada Counties included DeGray Lake
Recreational Area and Poison Springs State Forest
and Wildlife Management Area, respectively.
Interstate 30 (I-30) traverses Clark County from
northeast to southwest and passes through the
upper northwest corner of Nevada County.
Using density of camps and lodges as a surrogate
for human movement of firewood, Clark and
Nevada Counties had a relatively low number
of camps and lodges, 19 and 13 respectively,
compared to Ouachita County, which contained
104 camps and lodges (fig. 13.2). Ash snags in
Pike and Hempstead Counties were dated at
earliest to 2016 and 2014, respectively, whereas
earliest positive trap catches were reported in
2017 and 2016, respectively (fig. 13.2).
The concentration of ash hosts along major
streams and rivers within the study area
appeared to facilitate both short-distance
colonization and long-distance dispersal by EAB
(fig. 13.2). Aggregates of ash trees with relatively
sequential death dates from 2013 through 2017
or 2018 were evident along the Little Missouri
River, Terre Noire Creek, Terre Rouge Creek, and
Deceiper Creek (fig. 13.2). Simultaneously, latest
ash snag death dates radiated perpendicularly
away from drainage channels as host abundance
declined. Thus, abundance of hosts along
drainage channels appeared to facilitate shortdistance colonization, whereas scarcity of hosts
away from drainage channels seemed to facilitate

long-distance dispersal and therefore support
the establishment of outlier populations. The
effect of host proximity in this spatiotemporal
pattern is consistent with reports of substantially
increased colonization likelihood with abundant
ash within 650 feet of infestation centers (Siegert
and others 2010). The onset of EAB infestation
appeared to be concentrated in Clark and Nevada
Counties, which is not surprising given the high
ash abundance, proximity to public land and
recreational areas, and the fact that a major road
artery, I-30, traverses both counties.
Point density estimates of adult counts per
unit area showed high EAB density along I-30
and along the Little Missouri and Ouachita Rivers
(fig. 13.3A). Highest density of one adult caught
per square mile was recorded at the northwestern
border of Cleveland County along the Saline
River. This highlighted the high risk of potential
mortality along this drainage. The relatively
high ash abundance along the Saline River
coupled with lack of field observations of ash
mortality indicate that EAB spread may continue
northward and southward along the Saline
River, threatening valuable ash trees within these
bottomland hardwood forests. Therefore, areas
along the Saline River should be of high priority
in scheduling salvage and sanitation harvests.
Other high-density locations included: an area
near Camden between the Ouachita River and
Two Bayou; and an area 13 miles north of Hope,
near Ozan (fig. 13.3A). Ash snag point density
estimates per unit area showed clustering of dead
trees along the Little Missouri River, Deceiper
Creek, Terre Noire Creek, Ouachita River, and
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Figure 13.3—(A) Density of emerald ash borer (EAB) detections and (B) EAB-killed ash snags, counts per square mile, over a 5-year period
from 2014 through 2018. Green ash distribution data derived from Individual Species Parameter Maps by the Forest Service, Forest Health
Protection, Forest Health Assessment and Applied Sciences Team. (Data sources: Forest Health Protection, FHAAST, and Arkansas GIS Office)

along the I-30 corridor (fig. 13.3B). Highest
density of one snag per 2 square miles was
recorded at the confluence of Terre Noire and
Deceiper Creeks. Ash snag and EAB population
densities provided somewhat similar accounts of
the severity of the current infestation (fig. 13.3).
This concordance highlights the feasibility of
using EAB population density as an indirect
measure of potential ash mortality at larger
landscape scales. It appears, however, that in
areas of low host abundance, trap detection is
less effective in highlighting infestation severity,
which may be circumvented by placing traps
along waterways where hosts are abundant.

CONCLUSIONS
To inform EAB regulatory and management
response, the extent, severity, and progression of
the Arkansas infestation were documented and
mapped. Reconstruction of ash tree mortality
coupled with spatially explicit trap detection
records provided the basis for examination of
realized spread and progression of the EAB
infestation. Human transport of infested material
appeared to continue to play a role in expanding
the spread, but the spatial arrangement of the
ash host in linear fashions along waterways also
appeared to play a role in spread expansion by
facilitating both short-distance colonization and
long-distance dispersal. Outward progression was
characteristic of satellite population establishment
as opposed to expansion of original infestations.
Human transport of infested material, which
is the focus of quarantine implementation, did
not seem to be hindered, and EAB satellite

populations were detected 20 to 30 miles away
from known infested areas. Trap detections
lagged behind the onset of ash tree mortality
by at least 1 year, highlighting the difficulty of
early detection of invasive borers like EAB. Trap
detections also appeared to be less effective in
highlighting infestation severity in areas of low
host abundance, which may be improved by
placing traps along waterways where the host is
more abundant. A multitude of factors including
host abundance, road networks, and proximity to
public land and recreational areas seem to have
contributed to the highest infestation severity
occurring in Clark County. The onset of EAB
infestations appeared to be concentrated in Clark
and Nevada Counties. As EAB spread continues,
bottomland hardwood forests along the Saline
River have high risk of potential EAB-induced
ash tree mortality.
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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 20th edition in a series of annual
reports, national survey data are used to identify recent 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. Nearly 20 years of FIA coarse woody material (CWM) data
are examined across spatial scales to assess change over time in CWM biomass,
diameter and decay class, and species composition. Case studies demonstrate the
potential of rFIA, an open-source R package developed to improve the accessibility
of FIA data and offer enhanced flexibility in estimation strategies, to advance forest
health evaluation and monitoring. Six recently completed Evaluation Monitoring
projects are summarized, addressing forest health concerns at smaller scales.
Keywords—Change detection, coarse woody material, drought, fire, forest
health, forest insects and disease, tree canopy, tree mortality.
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