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A B S T R A C T   

The success of space-based forest defoliation monitoring beyond thematic classification hinges on the ability to 
link units of continuous foliar change with associated units of spectral or vegetation index change across different 
systems. To explore this, we used multi-temporal Landsat sensor data with respect to three defoliation metrics 
(shoot-based estimates (%), frass biomass (kg⋅ha− 1), and proportion of foliar loss) across three different forest 
systems in the United States. While shoot-based defoliation was measured in the field, the later two defoliation 
metrics were estimated based on the insect phenology model, BioSIM. The systems include spruce budworm 
(SBW, Choristoneura fumiferana C). in heterogenous mixed forests, Minnesota, jack pine budworm (JPBW, Cho
ristoneura pinus F). in homogenous pine forests, Wisconsin, and spongy moth (SGM, Lymantria dispar dispar L). in 
mixed broad-leaved forests, Maryland. Our generalized annual defoliation model for budworm was poor (R2

adj =

0.35, RMSE = 23.70%) due to difficulty in detecting SBW defoliation in Minnesota. Thus, individual annual 
JPBW shoot-based defoliation models (R2

adj = 0.27 to 0.75 and RMSE = 19.16% to 11.32%) outperformed the 
SBW models (R2

adj = 0.08 to 0.27, RMSE = 23.18% to 34.13%). Cross-system differences between rates of change 
in ground-based metrics of defoliation with respect to observed change in spectral index values (dVI) were 
significant for shoot-based estimates of percent annual defoliation for SGM vs. JPBW (p-values <1.00 × 10− 4) 
and SGM vs. SBW (p-values < 4.60 × 10− 3). However, such comparison between SGM and JPBW were not 
significant when either frass biomass (kg⋅ha− 1, p-value = 0.46) or proportion of foliage loss was used (p-value =
0.67). For a given unit of defoliation, the magnitude of vegetation index change, dVI, was significantly different 
between SGM and JPBW for each defoliation metric used (p-values <1.00 × 10− 4), but not between SGM and 
SBW (p-value = 0.47) or between JPBW and SBW (p-value = 0.06) when shoot-based annual defoliation metrics 
were used. This study is first to report that, for a given quantity of defoliation, substantial differences in both the 
magnitude and direction of vegetation index change exists for different defoliator systems, which currently 
precludes the development of a viable, unified defoliation model. However, outcomes of this research provide an 
important step in our understanding of these defoliator systems that may enable specific scaling of continuous 
defoliation at landscape levels and across defoliator systems in the future.   

1. Introduction 

Defoliating insects have pronounced effects on forest health and 
productivity across North America due to wide-ranging, periodic out
breaks that often persist across multiple years (Cooke et al., 2021; Dale 
et al., 2001; Fleming et al., 2002; Royama, 1984; Sturtevant et al., 2015; 
Volney and McCullough, 1994). Perhaps the most destructive and 
economically important insect defoliator in North America is the 

endemic spruce budworm (SBW, Choristoneura fumiferana Clem). (Vol
ney and Fleming, 2007; Irland and McWilliams, 2014) that affected over 
50 million hectares of spruce (Picea spp). and fir (Abies spp). forests in 
the 1970s outbreak (Sturtevant et al., 2015), which typically repeats 
every 35-years (Royama, 1984). Similarly, the invasive, exotic spongy 
moth (SGM, Lymantria dispar dispar L). affected over 19 million ha of 
eastern broadleaved forest in two consecutive outbreak cycles in 
1978–1981 and 1987–1990 (Karel and Man, 2017). These extensive and 
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successive years of defoliation have substantial and lasting impacts on 
tree growth and survival. In turn, this affects forest structure and 
composition (Franklin et al., 2002; Sharik et al., 2010), ecosystem 
function (Turner et al., 2003), nitrogen leaching (Christenson et al., 
2002; Townsend et al., 2003), carbon cycle dynamics (Dymond et al., 
2010), and economic losses to forest products industry (Dale et al., 2001; 
Karel and Man, 2017). Thus, robust methods for remote detection of 
biologically meaningful system impacts are critical for operational 
monitoring and deeper understanding of underlying insect-host dy
namics (Hall et al., 2016). 

Since the 1980s, the number of remote sensing studies focused on 
detection and mapping of insect defoliation events, and subsequent 
impacts, has greatly expanded, as has the sophistication of methodolo
gies and sensors used in the process (Bhattarai et al., 2020; Donovan 
et al., 2021; Hall et al., 2016). However, only 67 studies (35 in broad
leaved and 32 in conifer forest) focused on remote detection and map
ping of insect-related forest disturbance (Thapa, 2021). Among them, 18 
studies measured continuous defoliation, of which only three (all 
broadleaved) combined Landsat sensor data with field-measured esti
mates of defoliation to provide continuous estimates of percent defoli
ation (Hall et al., 2003; Rullán-Silva et al., 2015; Townsend et al., 2012) 
[Thapa, 2021]. Still, remote detection and mapping of continuous, 
annual defoliation of conifers beyond categorical mapping (Bhattarai 
et al., 2020; Donovan et al., 2021; Rahimzadeh-Bajgiran et al., 2018) 
remains a challenge. In addition, all of these studies were limited to 
either single defoliating agent (broadleaved or coniferous defoliator) or 
combination with intensive disturbance such as bark beetles, fire, wind 
or harvest (Senf et al., 2017). Here, we intend to combine both de
foliators, coniferous and broadleaved to develop a single, unified defo
liation model which then can be used to monitor defoliation at regional 
scale (Senf et al., 2017). 

Tree growth reduction and mortality are each functions of cumula
tive defoliation, modified by host taxonomic life history traits (Foster, 
2017). It generally takes several consecutive years of moderate to severe 
defoliation to kill host trees. Coniferous hosts are generally more sen
sitive to defoliation than broad-leaf species (Schowalter et al., 1986), as 
they experience greater growth reduction and mortality, which tends to 
scale positively with leaf longevity (Foster, 2017). Methods for quanti
fying the impact of annual or multi-year defoliation events vary greatly. 
Such methods may include assessments of the proportion of canopy 
consumed (Townsend et al., 2012), relative growth reduction (Chen 
et al., 2017; Kulman et al., 1963; MacLean, 1990; Pothier et al., 2005), 
the amount of top-kill (Hall et al., 1998; Prebble, 1975), and mortality 
(Chen et al., 2017; Hall et al., 1998; Howse, 1983; MacLean and Piene, 
1995). Moreover, there can be substantial lag times between outbreak 
initiation and subsequent host mortality. For instance, it can take five to 
10 years of sustained SBW infestation to kill host trees (Batzer and 
Hastings, 1981; Dymond et al., 2010; Fleming et al., 2002; MacLean, 
1980; Robert et al., 2018). Nevertheless, if cumulative defoliation of a 
given host species can be reliably mapped from space via remote 
sensing, then the impacts on host trees may be estimated from available 
empirical functions (Foster, 2017). 

Forest defoliator species can differ substantially in their foraging 
habitat and host specificity (Castagneyrol et al., 2014), which can affect 
remote detection (Hall et al., 2016). For instance, when populations are 
high, generalist broad-leaf defoliators such as SGM–prefers oak (Quercus 
spp).—and forest tent caterpillar (Malacosoma disstria Hübner) –prefers 
aspen (Populus spp).—will feed vigorously on the foliage of nearly all 
other broadleaved species, while conifer-feeding budworm species are 
more selective. Spruce budworm, for example, feeds mainly on the 
current-year foliage of four conifer species, including balsam fir (Abies 
balsamea), white spruce (Picea glauca), red spruce (Picea rubens) and 
black spruce (Picea mariana), often leaving older needles undisturbed 
(Leckie and Ostaff, 1988). Similarly, jack pine budworm (JPBW, Chori
stoneura pinus Freeman) feeds on pollen cones and current-year foliage 
of jack pine (Pinus banksiana), leaving two and three year old live 

needles intact (McCullough, 2000). 
In addition, the interactions among defoliator feeding biology, tree 

species diversity, and system responses can complicate defoliation 
mapping across systems, where the word ‘system’ refers to different 
defoliators and their specific forest habitat. For instance, 100% defoli
ation in broadleaf systems generally translates to total removal of all 
foliage during the insect outbreak, which enables highly successful 
satellite-based disturbance mapping in such systems (Townsend et al., 
2012). However, re-foliation of broad-leaf species later in the growing 
season of the same year of defoliation (Schowalter et al., 1986) can limit 
the window of opportunity for optimal remote detection (de Beurs and 
Townsend, 2008). In contrast, severe defoliation for conifer-feeding 
budworm systems (described above) generally equates to the removal 
of ca. 70% of the current-year’s foliage (Bhattarai et al., 2020). As such, 
older live needles from previous growing seasons generally remain un
disturbed, except for the heaviest defoliation years where “back- 
feeding” on older foliage may occur (Leckie and Ostaff, 1988; Rahim
zadeh-Bajgiran et al., 2018). Thematic mapping of annual (e.g., none, 
light, moderate, and severe classes) and cumulative SBW defoliation via 
satellite sensor data have been successful within eastern Maritime 
spruce-fir forests, particularly within forests containing high host con
centration (Amos-Binks et al., 2010; Bhattarai et al., 2020; Donovan 
et al., 2021; Rahimzadeh-Bajgiran et al., 2018). Coniferous foliar 
retention also varies among host species. For example, balsam fir may 
hold four to six years of live needles (Clark, 1961; Fleming and Piene, 
1992; Reich et al., 2014), white and black spruce may retain five to 10 
years of live needles (Reich et al., 2014), while jack pine typically retains 
only two to three years of live needles (Kulman et al., 1963; O’Neil, 
1962). Therefore, the salient remote sensing challenge in these conif
erous forest-insect systems is to distinguish continuous, as opposed to 
thematic, annual defoliation (Bhattarai et al., 2020; Donovan et al., 
2021) from cumulative defoliation (Lottering et al., 2019), where host 
species may hold combinations of unconsumed current-year foliage plus 
multiple years of relatively undisturbed older live needles (Hall et al., 
2016). Further, both host species concentration and relative canopy 
position can vary greatly across different forest-defoliator systems. All of 
the above complexities complicate the development of generalizable 
satellite-based metrics of forest defoliation impacts. 

Remote sensing offers the ability to regularly quantify biological 
processes across complex landscapes where different disturbance agents 
may exhibit common manifestations such as defoliation. The goal of this 
study was to calibrate different ground-to-satellite defoliation models to 
explore potential relationships between the annual change in moderate 
spatial resolution Landsat sensor data (30 m) and canopy defoliation 
across three forest-insect systems: mixed broad-leaved forests of western 
Maryland impacted by SGM, homogeneous jack pine forests impacted by 
JPBW in northwestern Wisconsin, and heterogeneous mixed forests 
affected by SBW in northern Minnesota. Ultimately, we seek to identify 
whether the biological impacts of defoliation across different systems 
may be generalized and modeled using a common, satellite-based pre
dictor. Of these systems, we expected SGM defoliation to be most intu
itive and readily mapped via satellite sensor data due to SGM’s 
generalist broadleaf diet (de Beurs and Townsend, 2008). We antici
pated SBW defoliation to be the most challenging to map using satellite 
sensor data due to the combination of host’s canopy position, multi-year 
needle longevity, and tree species diversity within the study region 
(Bhattarai et al., 2020; Franklin et al., 2008; Thapa et al., 2020). Given 
these two remote detection extremes, we posited that JPBW defoliation 
detection would represent intermediate difficulty due to unique bio
physical conditions of the jack pine host, including high host concen
tration, dominant vertical canopy position, and relatively short needle 
longevity compared to SBW. 

To date, satellite-based defoliation detection studies have focused on 
individual systems (Bhattarai et al., 2020; Radeloff et al., 1999a; 
Rahimzadeh-Bajgiran et al., 2018; Townsend et al., 2012) or compari
sons with other severe forest disturbances, such as harvest or mortality. 
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In such cases, various methods are used that apply threshold values to 
categorically separate non-defoliated, defoliated, and harvested forest 
(Kennedy et al., 2010; Meigs et al., 2011; Senf et al., 2015; Zhu et al., 
2012). Here, we leveraged field defoliation data from three different 
systems to provide quantitative inferences on continuous canopy defo
liation detection for forest health monitoring and ecosystem impact 
assessment. More specifically, we evaluated budworm system (SBW and 
JPBW) defoliation models in detail and then integrated budworm data 
with SGM data from a prior, independent study to evaluate the degree to 
which a unified, cross-system model of defoliation may be possible. 
Canopy defoliation metrics include shoot-based estimates of defoliation 
(a.k.a. annual defoliation, %), frass biomass (kg⋅ha− 1, caterpillar 
excrement), and foliage loss (proportion of foliage biomass consumed by 
defoliator to the total amount of foliar biomass available). While percent 
annual defoliation is commonly used for forest health monitoring 
(Donovan et al., 2021; Hall et al., 2016) and previous studies of defo
liation mapping, frass biomass and foliage loss are rare in the literature 
to measure defoliation impacts on forest ecosystems (Dymond et al., 
2010; Hicke et al., 2012; Townsend et al., 2004). Hence, this study is 
first to compare three different defoliation metrics to annual change in a 
Landsat-based vegetation index. Furthermore, our modeled estimates of 
frass biomass and foliage loss can be used to assess nutrient fluxes 
(Townsend et al., 2004) and carbon dynamics (Hicke et al., 2012), 
respectively, at landscape levels. 

2. Study area 

2.1. Northeast, Minnesota 

The spruce budworm study area is located in Itasca, St. Louis, and 
Koochiching counties of north central Minnesota (Fig. 1). Predominant 
landforms in this region include glacial moraines, small outwash plains, 
and lake plains punctuated by ericaceous wetlands and bogs (Host and 
White, 2003). Dominant broadleaf tree species in the study area include 
quaking aspen (Populus tremuloides), often in mixture with paper birch 
(Betula papyrifera), and northern hardwoods such as red and sugar maple 
(Acer rubrum, A. saccharum) on richer soils to the south. Conifer species 
include jack and red pine (P. banksiana and P. resinosa, respectively) on 
excessively drained soils, while white spruce (P. glauca) and balsam fir 
(A. balsamea) exist on more mesic sites and are the primary SBW host in 
the study area. The extensive peatlands within the study area sustain 
stands of black spruce (P. mariana) and eastern larch (Larix larcinia). 
White spruce sometimes occurs in pure plantations that are specifically 
concentrated in the southwestern part of the study area. SBW host 
species, especially balsam fir, are often restricted to the understory and 
sub canopy of natural stands due to the unusually high frequency of SBW 
outbreaks (Frelich, 2002; Robert et al., 2012). A localized outbreak of 
approximately 110,000 ha was active across the study area at the time of 
field sampling (Thapa, 2021). 

Fig. 1. Location of study sites and plots within the United States for spruce budworm (C. fumiferana) in Minnesota (yellow), jack pine budworm (C. pinus) in 
Wisconsin (blue) and spongy moth (L. dispar dispar) in Maryland (red). (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article). 
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2.2. Northwest Sands, Wisconsin 

The jack pine budworm study area coincides with the boundary of 
the Northwest Sands Ecological Landscape in northwestern Wisconsin 
(Fig. 1), which is a large, sandy glacial outwash region covered by a 
mixture of dry forests, open barrens, and agriculture (Wisconsin 
Department of Natural Resources, 2015). Dry forests are primarily 
dominated by jack pine (P. banksiana), but also include aspen (Populus 
spp). and scrub oak (primarily Q. ellipsoidalis and Q. rubra) in pure stands 
and in mixtures with jack pine (Radeloff et al., 1999b). Reforestation 
efforts composed of pure jack and red pine (P. banksiana and P. resinosa) 
plantations starting in the late 1930s increased the susceptibility of this 
landscape to JPBW outbreaks (Clancy et al., 1980; Vogl, 1964; Weber, 
1995). The last JPBW outbreak in this area occurred from 2004 to 2007, 
which resulted in over 100,000 ha of defoliation (Thapa, 2021). 

2.3. Western Maryland 

The spongy moth study area in western Maryland (Fig. 1) consists of 
two state forests: Green Ridge State Forest (GR) and Savage River State 
Forest (SR) (see Townsend et al., 2012). The SR State Forest is located on 
the Appalachian Plateau, with elevations ranging between 375 and 900 
m and receiving 114–140 cm precipitation annually, while GR is located 
in the rain shadow of the Appalachian Plateau in the Ridge and Valley 
physiographic province, with elevations ranging from 150 to 370 m and 
receiving 76-88 cm precipitation annually (Sturtevant and Seagle, 
2004). The current distribution and dominance of oak species (Quercus 
spp). at both state forests is a product of frequent fires both before and 
after the European settlement (Mash, 1996; Shumway et al., 2001; 
Tyndall, 2015). Nonetheless, SR forest composition is best characterized 
as Appalachian mesophytic hardwood, including other broadleaf species 
such as maple (Acer spp). and black cherry (Prunus serotina) as well as 
eastern hemlock (Tsuga canadensis). The GR forest composition is more 
strongly dominated by oak and hickory (Carya spp), with maple in 
protected coves and pines (e.g., Pinus virginianus) on dry slopes and 
ridges (Sturtevant and Seagle, 2004). Since 1983, periodic SGM out
breaks affect both the GR and SR sites. The last severe defoliation from 
SGM occurred between 2000 and 2001 in GR and between 2006 and 
2008 in SR (Townsend et al., 2012; Thapa, 2021). 

3. Materials and methods 

3.1. Field data 

Field plots consisted of five variable radius subplots within which the 
authors collected and recorded defoliation data in all field sites during 
outbreak years. A factor-two metric prism was used to estimate forest 
basal area (m2⋅ha− 1) by species from 2005 to 2006, 2003 to 2004, and 
2000 to 2008 at the Wisconsin, Minnesota and Maryland sites, respec
tively (Appendix A, Table S1–1). Randomly selected host trees within 
each plot were measured (DBH, cm) and used to estimate dry foliar 
biomass (kg⋅ha− 1) according to allometric equations from Jenkins et al. 
(2003) for the Maryland sites and Ter-Mikaelian and Korzukhin (1997) 
for the Wisconsin sites, henceforth referred to simply as foliage biomass. 

Among the three different metrics of defoliation (Appendix A, Table 
S1–2), annual defoliation (%) and frass biomass (kg⋅ha− 1) were 
collected during the field survey. We leveraged our weekly frass data to 
estimate the actual amount of foliage consumed based on the “approx
imate digestibility” of host foliage from published laboratory experi
ments for each respective defoliator (Barbosa and Greenblatt, 1979; 
Carisey and Bauce, 1997). We then added weekly green fall deposition 
data (foliage dislodged but not consumed) to our calculated ingested 
foliar biomass vales (kg⋅ha− 1) to derive the total amount of foliar 
biomass (kg⋅ha− 1) removed. Defoliator- and location-specific food con
sumption phenology models (BioSIM, Régnière, 1996) were used to 
backfill data, according to Thapa et al. (2022), when and where 

deposition windows were missed during field sampling campaigns. We 
summed weekly frass and the total amount of foliar biomass removed by 
seasons to estimate cumulative annual frass and foliar biomass, 
respectively. Finally, the proportion of foliage loss (range: 0–1, where 
one is equivalent to 100% loss of foliage biomass), hereafter referred to 
as foliage loss, was calculated as the ratio of cumulative annual foliar 
biomass removed to available foliar biomass, which was calculated from 
tree diameter data via allometric equations (as discussed above). Note 
that while frass and green fall data were collected for the SBW system, 
we found the deposition within dense, mixed forests to be highly vari
able, which precluded reliable frass-based estimation of defoliation (B. 
Sturtevant, personal observation). Hence, we didn’t analyze frass or 
frass-derived data for SBW in this study. 

In addition to frass, traditional metrics of percent annual defoliation 
were also measured within each study area. We followed Volney (1992) 
for JPBW and MacLean and MacKinnon (1998) for SBW to sample host 
trees, where we followed the Fettes shoot count method (Fettes, 1950) 
on individual host trees to estimate both percent annual defoliation (a.k. 
a., current-year defoliation) on current-year foliage and the previous 
year’s foliage (range: 0% - 100). With respect to SGM defoliation at the 
SR and GR sites, we visually assessed defoliation percent in situ (range: 
0% - 100%) for 66 field plots every week for the entire 2006, 2007 and 
2008 field seasons and then weighted these visual estimates by DBH 
according to Townsend et al. (2012). The JPBW and SBW ground plots 
that clearly experienced forest management activity such as salvage 
logging (Radeloff et al., 2000) (visually assessed via historic Google 
Earth imagery) and aerial pesticide spraying since the initial 2004 
sampling season were removed from our analyses. 

3.2. Landsat data 

We acquired cloud free atmosphere- and terrain-corrected Landsat-5 
Thematic Mapper (TM) and Landsat-7 Enhance Thematic Mapper Plus 
(ETM+) satellite sensor data (see Masek et al., 2006; Vermote et al., 
1997) from the United States Geological Survey (USGS) via the Earth 
Explorer portal (https://earthexplorer.usgs.gov/) (Appendix B, Table 
S2–1,Appendix C, Tables S3 1–3). Landsat image selection criteria for 
change detection analyses included several factors: finding near anni
versary dates from year to year, minimizing date-wise differences in 
atmospheric relative humidity (< 10%), and use of images with similar 
solar elevation angles (< 10◦) to mitigate canopy shading differences. 
For images collected in the winter season, we excluded images recorded 
following recent snowfall events (< two weeks) or images dates that did 
not experience wind speeds in excess of 25 km⋅h− 1 following older 
snowfall events to ensure that host canopies would be free of snow. 

Problems and limitation associated with the use of summer imagery 
to detect budworm defoliation are well documented (e.g., Bhattarai 
et al., 2020; Ekstrand, 1990, 1994; Leckie, 1987). Hence, we evaluated 
Landsat-based vegetation indices from different seasons (i.e., winter, 
early, and growing) to test the sensitivity of change in vegetation index 
with respect to canopy defoliation. Vegetation indices include normal
ized difference vegetation index (NDVI), moisture stress index (MSI), 
normalized difference infrared index (NDII), middle infrared index 
(MIR) and shortwave to visible ration (SVR5) (Appendix B, Table S2–2). 
We used the Random Forest (RF) routine (v.4.6–14, Breiman, 2001) 
within R (R Core Team, 2013) to evaluate sensitivity of vegetation index 
and season against current-year JPBW defoliation data (Appendix B). 
Our preliminary efforts suggested that difference in NDVI derived from 
winter Landsat sensor data were good predictors of annual JPBW 
defoliation. Therefore, we used winter NDVI for SBW defoliation 
detection, as the two defoliators have similar feeding traits and life 
history. 

The winter season provides other optical advantages relevant to 
budworm defoliation detection. During the winter following a defolia
tion event, defoliated shoots are often more exposed to space-based 
sensors, as well as any budworm-damaged cells and pigments in the 
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remaining live foliage (sensu Rock et al., 1988). These factors affect 
overall forest reflectance via an increase in visible red reflectance 
combined with a proportional decrease in NIR reflectance (Leckie et al., 
1988; Rock et al., 1988), which serves to drive forest NDVI values down. 
In addition, lower sun elevation angles (typical in winter at ca. 47.5o N 
Lat). are preferred for detecting budworm defoliation damage using 
Landsat sensor data (Ekstrand, 1990). Under winter’s low sun elevation 
conditions (e.g., 28 o), understory forest layers are largely shaded. Thus, 
these lower forest layers have a diminished effect on overall canopy 
reflectance, while the illuminated upper canopy’s budworm damage 
signal is likely bolstered (Ekstrand, 1990). Hence, we used Landsat- 
based NDVI from winter seasons for budworm defoliation detection 
(JPBW and SBW) and NDII from the summer growing season for spongy 
moth (Townsend et al., 2012). 

3.3. Change detection in budworm systems 

We applied a commonly used bi-temporal (pre- and post- 
disturbance) change detection method (Coppin et al., 2004) to detect 
defoliation induced by budworm and spongy moth using Landsat-based 
vegetation indices. As described above, we used different vegetation 
indices (VI) from different seasons for the budworm and spongy moth 
systems. To simplify vegetation index abbreviations, hereafter we refer 
to the selected vegetation index as VI and the corresponding vegetation 
index difference images as dVI. In addition, our primary interest was to 
detect annual defoliation via annual changes in the respective VIs, 
regardless of initial defoliation condition and outbreak stage. Using each 
of the respective VIs, we used the generalized equation below (Eq. 1) to 
calculate VI differences to enhance defoliation detection, where 
subscript Y represents a pre-disturbance year and subscript Y + 1 rep
resents a post-disturbance year. 

dVI = VIY+1–VIY (1) 

In this study, a pre-disturbance year is a year before the disturbance 
event regardless of insect outbreak year or forest condition. For 
example, we used respective VIs from 2004, 2005, and 2006 as pre- 
disturbance years for annual defoliation for 2005, 2006, and 2007, 
respectively. 

Finally, we evaluated selected Landsat sensor data for potential 
confounding effects from topography, WRS-2 path-related view angle 
geometry, sun elevation angle (Claverie et al., 2015; Roy et al., 2016; 
Song and Woodcock, 2003), and relative humidity (Rosas et al., 2017) 
on resulting shoot-based estimates of annual defoliation (Appendix C, 
Fig. S3–2). Hence, we applied a standardized l2-normalization proced
ure (Goodfellow et al., 2017) to minimize potential effects of afore
mentioned sources. These effects were a concern for our study because 
we used data from both the Landsat-5 and -7 sensors and, in some cases, 
sensor data from neighboring WRS-2 path overlap areas (i.e., P26–27), 
which have very different view angle geometries for common forest 
targets. Thus, we sampled pixels in WRS-2 path overlap areas (P26 and 
P27) within reflectance-stable red-pine stands (dark dense vegetation, 
DDV) in Wisconsin and Minnesota to assess potential path-wise effects 
on NDVI values (Appendix C, Text S1, Tables S3–4-5, Figs. S3–1, see 
detail). Because index values resulting from the l2-normalizaiton were 
all less than approximately 4 × 10− 5, we standardized these output 
values to fit the range of NDVI (− 1 to 1) (Appendix C). 

3.4. Data analysis 

Informed by our initial qualitative, exploratory analysis of ground 
and satellite data scatterplots (Appendix C, Fig. S3–2), we used linear 
models to fit annual budworm defoliation (JPBW and SBW) field data to 
annual change in NDVI from winter image. Then, we combined dNDII 
data for SGM (Townsend et al., 2012) and wdNDVI data for budworm 
(SBW, JPBW) to test linear and non-linear regression models to fit 
vegetation index change, dVI, to our respective field defoliation data. 

For example, we tested non-linear sigmoid models (Eq. 2); where a is the 
asymptote, b is the rate of change parameter, c is the midpoint of dVI at 
which slope is maximum, and dVI is the difference in vegetation index. 

Defoliation =
a

1 + exp(b*(dVI − c) )
(2) 

In addition, we evaluated the effects of different sample years and 
defoliators by using a mixed-effects model. Then, we selected the 
optimal model based on Akaike’s Information Criterion (AIC, (Sakamoto 
et al., 1986)), root mean square error (RMSE), and delta AIC (delta AIC 
> 2; (Burnham and Inference, 2002)). Accuracy of models was assessed 
using one of the cross-validation methods such as Leave-one-out cross 
validation for model development, K-year cross validation for budworm- 
specific annual defoliation model, bootstrapping, and simulation of the 
model for calculation of 95% confidence interval of RMSE. In addition, 
we used second derivative analysis of the non-linear sigmoid model (Eq. 
2) to determine the inflection point at which change in defoliation with 
respect to dVI is significant. 

4. Results 

4.1. Annual defoliation in budworm systems (SBW and JPBW) 

Annual JPBW defoliation models for individual years performed 
moderately well compared to the relatively poor results for the SBW 
models (the range of R2

adj and RMSE values for JPBW vs. SBW, respec
tively, are 0.27–0.75 vs. 0.08–0.27 and 11.29%–17.74% vs. 24.06%– 
34.32%, Table 1, Fig. 2). This result remained consistent when annual 
defoliation data across three years were pooled to develop budworm- 
specific defoliation models (R2

adj = 0.52 vs. 0.14 and RMSE = 15.44 
vs. 30.46% for JPBW vs SBW [Table 1]). Thus, K-year cross-validation 
results for each budworm-specific defoliation model were consistent, 
with average RMSE values of 15.47% for JPBW and 32.33% for SBW 
(Table 2). In addition, the use of sample year as a covariate did not 
significantly affect the rate of change in dVI with respect to defoliation 
(respective JPBW and SBW p-values were 0.22 and 0.35). However, the 
SBW model intercept indicated that the magnitude of change in dVI was 
significantly different between sample years (p-value = 0.03). Further 
exploration of the intercepts among SBW models revealed that dVI dif
ference between the 2005 and 2006 defoliation years was significant (p- 
value = 0.04). 

In addition to model differences by year, we explored whether SBW 
defoliation models were sensitive to forest structural parameters, such as 
species composition, host basal area, or naturally occurring host versus 
plantations. Our forest structural differences analyses did not reveal any 
substantial effects on our ability to detect defoliation using dVI (Ap
pendix D, Figs. S4–1-2). Likewise, we did not see any clear patterns 
between USFS aerial sketch maps, field measurements, and dVI (Ap
pendix D, Figs. S4–3-4). 

Finally, we combined annual defoliation data from all sample years 
and both budworm systems (JPBW and SBW) to develop one, cross- 
system, global model for budworm (Choristoneura) defoliation. We 
found that the model that included budworm type (JPBW, SBW) as a 
covariate was optimal (R2

adj = 0.35, RMSE = 23.70%, Table 3, Fig. 3). 
Similar to the budworm-specific models described above, the sample 
year covariate did not significantly affect the model performance (p- 
value = 0.43). Further analysis of the global model revealed that the 
intercepts for two budworm systems were significantly different (p- 
value <4.53 × 10− 3), while the slopes were not significantly different (p- 
value = 0.45). However, exploratory removal of plots that had <10% 
annual defoliation suggested that the respective intercept and slope 
values between the JPBW and SBW models were not significantly 
different (p-values: 0.36 for intercept, 0.24 for slope). 
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4.2. Annual defoliation across SBW, JPBW and SGM 

Model comparisons suggest that non-linear mixed models are best for 
fitting remote sensing data (i.e., dVI) to plot-level shoot-based annual 
defoliation estimates across the three defoliator systems (SGM, JPBW 
and SBW) (Appendix E, Table S5–1, Fig. 4). Our analyses revealed that 
sample year did not significantly affect model performance (p-value =
0.91). Non-linear mixed models that included weighted variance to 

explain system-wide heterogeneity in defoliation resulted in a fixed 
asymptote (a = 100%), with two different parameters (b & c, Eq. 2) for 
each system, and a RMSE value of 16.98% (95% CI: 13.96%–21.75%) 
(Table 4). Among the three models, the SBW model resulted in the 
highest RMSE value, followed by SGM and JPBW (RMSE = 29.30%, 
16.10% and 15.50%, respectively, Table 4). Pairwise comparison of 
model parameters between systems revealed that parameter b (i.e., rate 
of change in defoliation with respect to dVI) was not significantly 
different between JPBW and SBW models (p-value: 0.85). However, this 
rate of change parameter was significantly different between the JPBW 
and SGM models (p-value: < 1.00 × 10− 4) and between the SBW and 
SGM models (p-value: < 4.60 × 10− 3). Similarly, the c parameter (i.e., 
midpoint of dVI at which slope is maximum) was not significantly 
different between the SGM and SBW models (p-value: 0.47) or the JPBW 
and SBW models (p-value: 0.06), but was significantly different between 
SGM and JPBW models (p-value: < 1.00 × 10− 4). The respective rate of 
change in defoliation with respect to dVI parameter, b, for the SBW and 
SGM were 1.22 and two times higher compared to that for the JPBW 
model. In addition, second derivative analysis of our non-linear mixed 
models suggests that approximately 21% annual defoliation across the 
tree systems (i.e., SGM 21.18%, JPBW 21.12%, and SBW 21.09%) is the 
optimal minimum threshold for remote detection of defoliation via dVI 
analysis. That is, 21% canopy annual defoliation translates to dVI values 
of 0.12 for JPBW, 0.04 for SBW and − 0.05 for SGM. However, it is 
important to note that annual defoliation of 21% across the three 

Table 1 
Annual defoliation model results for each individual year and combined years for each defoliator: jack pine budworm and spruce budworm. Winter normalized 
difference vegetation index (NDVI) imagery from pre- and post-defoliation years (yr) were used to calculate the difference in vegetation index (dVI). Model perfor
mance metrics reported here include adjusted R2 (R2

adj), root mean square error (RMSE), AIC, p-value, and leave-one-out cross-validation (LOOCV): RMSE and mean 
absolute error (MAE).  

Defoliators Model description Model LOOCV 

DF R2
adj RMSE AIC p-value RMSE MAE 

Jack pine budworm 

Defoliation ~ dVI [yr = 2004] 13 0.53 17.74 132.70 1.26 × 10− 3 19.16 15.73 
Defoliation ~ dVI [yr = 2005] 21 0.27 14.93 193.53 6.20 × 10− 3 16.90 13.98 
Defoliation ~ dVI [yr = 2006] 19 0.75 11.29 165.28 1.92 × 10− 7 11.32 9.42 
Defoliation ~ dVI 57 0.52 15.44 494.36 4.42 × 10− 11 15.59 12.40 

Spruce budworm 

Defoliation ~ dVI [yr = 2004] 13 0.08 34.32 152.49 0.15 34.13 29.17 
Defoliation ~ dVI [yr = 2005] 20 0.15 29.14 214.71 0.15 28.64 23.34 
Defoliation ~ dVI [yr = 2006] 14 0.27 24.06 151.04 0.02 23.18 19.29 
Defoliation ~ dVI 51 0.14 30.46 516.51 2.57 × 10− 3 30.97 26.71  

Fig. 2. Scatter plots of annual current-year defoliation with respect to the annual difference in vegetation index (dVI, more specifically difference in normalized 
difference vegetation index (dNDVI)) for jack pine budworm (left) and spruce budworm (right). Annual dVI was calculated using pre- and post-disturbance Landsat 
Imagery. Defoliation data from different year and respective linear defoliation models are indicated by different shapes and lines (dotted line for 2004, dashed line for 
2005 and dotdash for 2006), respectively. Black dotted lines represent the global, linear regression between annual defoliation and dVI using pooled data across 
all years. 

Table 2 
K-year cross-validation results for each budworm-specific global model (jack 
pine budworm, spruce budworm). Each year of data (i.e., three years per bud
worm system) were iteratively withheld during model development and used for 
validation. Here, we report the year of field data withheld during the model 
development and model performance metrics, which include adjusted R2 (R2

adj), 
cross-validation (CV) root mean squared error (RMSE), and cross-validation 
mean absolute error (MAE).  

Defoliators Year R2
adj RMSE CV_RMSE CV_MAE 

Jack pine budworm 
2004 0.49 14.49 17.95 13.43 
2005 0.61 15.67 15.49 12.15 
2006 0.42 16.27 14.50 11.63 

Spruce budworm 
2004 0.16 29.52 32.94 27.44 
2005 0.11 31.00 31.02 25.47 
2006 0.16 30.42 33.04 31.59  
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systems does not necessarily translate to same amount of foliage biomass 
loss (see Jenkins et al., 2003). 

4.3. Ecosystem defoliation metrics for SGM and JPBW 

We found a non-linear mixed model with two different parameters 
(a, and c, Eq. 2) for each system was optimal when cumulative annual 
frass data from two systems (SGM and JPBW) were combined (Appendix 
E, Table S5–2, Fig. 5). The optimal model in this case included weighted 
residual variance to account for system-wide heterogeneity in the frass 
data, which resulted in an RMSE of 4.75 kg⋅ha− 1 (95% CI: 0.58, 14.69) 
(Table 5). We found that the rates of change in dVI values (parameter b) 
were not significantly different (p-value = 0.46) between these two 
systems but the parameter c was significantly different (p-value <1.00 ×
10− 4). The estimated asymptote values, parameter a, for SGM and JPBW 
were 1970.52 kg⋅ha− 1 and 649.93 kg⋅ha− 1, respectively (Table 5). 
Again, second derivative analysis of the models suggests that critical dVI 
values, where change in dVI to frass deposition were distinct, were −
0.02 for SGM and 0.14 for JPBW. As such, the optimal minimum frass 
deposition values detected via dVI analysis were 417.76 kg⋅ha− 1 and 
137.67 kg⋅ha− 1 for SGM and JPBW, respectively. 

Similar to the comparisons for pooled frass biomass above, we found 
that a non-linear mixed model with two separate parameters (a and c, 
Eq. 2) for each system was optimal for the combined foliage loss data 

Table 3 
Comparison of the combined budworm system models of annual defoliation. Here, pooled field data from jack pine budworm (JPBW) and spruce budworm (SBW) by 
year were used to develop one global budworm model. Winter normalized difference vegetation index (NDVI) imagery from pre- and post-defoliation years were used 
to calculate difference in vegetation index (dVI). Covariates, that include year of field data collection and budworm system, were used to test the effects on global 
model calibration.  

Data Model Description (JPBW þ SBW) DF R2
adj RMSE AIC p-val 

All 

mod1: Defoliation ~ dVI 110 0.31 24.48 1038.13 1.40 × 10− 10 

mod2: Defoliation ~ dVI + Year 108 0.30 24.52 1040.42 3.25 × 10− 9 

mod3: Defoliation ~ dVI + Budworm 109 0.35 23.7 1031.86 2.27 × 10− 11 

mod4: Defoliation ~ dVI + Year + Budworm 107 0.35 23.62 1033.04 1.96 × 10− 10 

Subset: Defoliation > 10% 

mod1a: Defoliation ~ dVI 87 0.33 20.53 794.48 2.08 × 10− 9 

mod2a: Defoliation ~ dVI + Year 85 0.32 20.71 797.92 7.48 × 10− 8 

mod3a: Defoliation ~ dVI + Budworm 86 0.33 20.55 795.62 1.18 × 10− 8 

mod4a: Defoliation ~ dVI + Year + Budworm 84 0.32 20.68 798.65 1.80 × 10− 7  

Fig. 3. Budworm global, linear regression model results for annual defoliation 
with respect to annual change in normalized difference in vegetation index 
(dNDVI) using pooled data across both budworm systems, where all blue 
symbols represent jack pine budworm data and all yellow symbols represent 
spruce budworm data. Field season years are represented by circle (2004), 
square (2005) and triangle (2006). Gray dotted line represents 1:1 correspon
dence. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article). 

Fig. 4. Non-linear mixed models for annual difference in Landsat-based vege
tation indices (dVI) with respect to annual defoliation for three different de
foliators: spruce budworm (yellow symbols), jack pine budworm (blue 
symbols), and spongy moth (red symbols). Normalized difference vegetation 
index (NDVI) images, calculated from winter imagery, were used for both 
budworm systems (spruce budworm and jack pine budworm), while normalized 
difference infrared index (NDII) imagery, derived from the growing season, 
were used for the spongy moth system to calculate dVI. The three colored lines 
represent the best non-linear mixed model fits for each, respective, defoliator 
system. Different shapes of symbol represent the year of defoliation field data 
collection. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article). 

Table 4 
Non-linear mixed model parameters for annual defoliation across the three 
systems: spongy moth (SGM), jack pine budworm (JPBW) and spruce budworm 
(SBW). The 95% confidence interval (CI) for slope (b) and scale (c) parameters 
are given in bracket. Model performance metrics include root mean squared 
error (RMSE) and mean squared error (MSE).  

Defoliators Parameters (95% CI) RMSE (%) MSE (%) 

b c 

Spongy moth 
27.93 
(20.69, 
35.16) 

− 0.10 
(− 0.10, 
− 0.09) 

16.14 
(12.78, 
19.71) 

12.57 
(10.62, 
13.85) 

Jack pine 
budworm 

9.34 
(− 5.62, 
24.31) 

− 0.01 
(− 0.04, 
0.01) 

15.45 
(13.53, 
17.84) 

12.35 
(11.19, 
13.59) 

Spruce budworm 
11.42 
(− 5.98, 
28.82) 

− 0.07 
(− 0.12, 
− 0.01) 

29.25 
(26.07, 
32.83) 

24.40 
(23.34, 
26.18)  
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(JPBW and SGM), which includes the weighted variance to account for 
heterogeneity in the foliage loss data (Appendix E, Table S5–3, Fig. 6). 
The RMSE value from the optimal foliage loss model was 0.26% with a 
95% CI of 0.20% to 0.30%. Between the two systems, we found signif
icant differences in foliage loss asymptote values (0.88 for SGM vs 0.43 
for JPBW, p-value = 6.00 × 10− 4, Table 6) and dVI values associated 
with maximum slope (− 0.07 for SGM vs 0.08 for JPBW, p-value ≤1.00 
× 10− 4, Table 6). However, the rate of change in dVI with respect to 
foliage loss was not significantly different between SGM and JPBW 
systems (p-value = 0.67). Nevertheless, we used the second derivative to 
identify the dVI values − 0.02 for SGM and 0.13 for JPBW, at which 
foliage loss (threshold values 0.18 and 0.09 for SGM and JPBW, 
respectively) was remotely discernable. 

5. Discussion 

5.1. Annual defoliation in conifer 

We examined the relationship between continuous levels of conif
erous budworm defoliation and the associated changes in NDVI 

difference image values (i.e., dNDVI) calculated using winter Landsat 
sensor data. In the case of SBW, it is important to recognize that forest 
composition in the mixed Laurentian forests of the Great Lakes region 
contrast strongly with those of eastern maritime systems, where much 
previous work has been reported, and where the density and canopy 
dominance of spruce-fir host is often substantially greater (Rahimzadeh- 
Bajgiran et al., 2018). In contrast, jack pine clearly dominates the JPBW 
system with respect to both concentration and canopy position in Wis
consin’s Northwest Sands Ecoregion (Wisconsin Department of Natural 
Resources, 2015). Given this, the combined budworm (SBW and JPBW) 
annual defoliation model (i.e., global model) performed poorly in terms 
of the adjusted coefficient of determination statistic (R2

adj = 0.35). 
However, the resulting RMSE value (23.70%) was superior to that re
ported for similar, but thematic mapping efforts conducted with early 
July Sentinel-2 satellite sensor data within SBW systems in the eastern 
Maritimes (32% RMSE, Bhattarai et al., 2020). This is notable, because 
they tested several indices that incorporate data from the three Sentinel- 
2 red-edge bands (20-m pixels), a region of the electromagnetic spec
trum noted for increased sensitivity to forest canopy damage (Rock 
et al., 1988). Also working in eastern Maritimes, (Rahimzadeh-Bajgiran 

Fig. 5. Non-linear mixed model results for seasonal, cumulative frass (kg/ha) 
with the annual change in vegetation index (dVI) for spongy moth (purple) and 
jack pine budworm (blue). Seasonal cumulative frass biomass was calculated by 
adding daily frass rate (kg/ha) over the feeding season for each year. 
Normalized difference vegetation index (NDVI) images, calculated from winter 
imagery, was used for jack pine budworm system, while normalized difference 
infrared index (NDII) imagery, derived from the growing season, were used for 
the spongy moth system to calculate dVI. The colored lines represent the best 
non-linear mixed model fits for each, respective, defoliator system. Different 
shapes of symbol represent the year of defoliation field data collection. (For 
interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article). 

Table 5 
Non-linear mixed model parameters for frass biomass across the two systems: 
spongy moth and jack pine budworm. The 95% confidence interval (CI) for slope 
(b) and scale (c) parameters are given in bracket. Model performance metrics 
include root mean squared error (RMSE) and mean squared error (MSE).  

Defoliators Parameters (95% CI) RMSE 
(kg⋅ha¡1) 

MSE 
(kg⋅ha¡1) 

a c 

Spongy moth 
1970.52 
(804.99, 
3136.16) 

− 0.09 
(− 0.17, 
− 0.02) 

561.60 
(471.75, 
667.63) 

435.98 
(249.19, 
548.85) 

Jack pine 
budworm 

649.93 
(− 1612.26, 
2912.13) 

0.07 
(− 0.07, 
0.22) 

205.43 
(199.85, 
211.00) 

164.51 
(141.76, 
187.26) 

b: 17.41 (7.78, 27.05). 

Fig. 6. Non-linear mixed model results for foliage loss with respect to annual 
change in vegetation index (dVI) for spongy moth (green) and jack pine bud
worm (blue). Foliage loss is the proportion of biomass loss (eaten plus green 
fall) by respective defoliator to total amount of foliage biomass available. 
Normalized difference vegetation index (NDVI) images, calculated from winter 
imagery, was used for jack pine budworm system, while normalized difference 
infrared index (NDII) imagery, derived from the growing season, were used for 
the spongy moth system to calculate dVI. The colored lines represent the best 
non-linear mixed model fits for each, respective, defoliator system. Different 
shapes of symbol represent the year of defoliation field data collection. (For 
interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article). 

Table 6 
Non-linear mixed model parameters for proportion of foliage loss across the two 
systems: spongy moth and jack pine budworm. The 95% confidence interval (CI) 
for slope (b) and scale (c) parameters are given in bracket. Model performance 
metrics include root mean squared error (RMSE) and mean squared error (MSE).  

Defoliators Parameters RMSE MSE 

a c 

Spongy moth 
0.88 
(0.62, 1.13) 

− 0.07 
(− 0.10, − 0.04) 

0.37 
(0.24, 
0.49) 

0.29 
(0.19, 
0.41) 

Jack pine 
budworm 

0.43 
(− 0.07, 
0.93) 

0.08 
(5.00 × 10− 3, 
0.16) 

0.19 
(0.12, 
0.26) 

0.15 
(0.10, 
0.21) 

b: 24.31 (11.73, 36.90). 

B. Thapa et al.                                                                                                                                                                                                                                  



Remote Sensing of Environment 281 (2022) 113236

9

et al., 2018) reported similar annual SBW defoliation mapping results, 
where the authors used BioSIM to target peak SBW larval feeding 
phenology as a means to select optimal Landsat imagery for capturing 
the red-attack windows of opportunity each year. Given this image se
lection strategy, they were able to map three classes of SBW defoliation 
(light, moderate, and heavy) to 60%, 52%, and 77% accuracy, respec
tively. Overall, they achieved a 32% classification error among all 
annual SBW defoliation levels. Interestingly, the use of Hyperion satel
lite sensor data in a recent annual SBW defoliation study (Donovan et al., 
2021) did not substantially improve overall classification accuracy 
compared to other studies (64%), where the moderate defoliation class 
(30%–70%) had the highest level of confusion with other classes. In 
other conifer defoliation studies, the use of vegetation change indices 
derived from Sentinel-2 data and support vector regression (SVR) yiel
ded a moderate cumulative defoliation model (R2 = 0.57 and RMSE =
11.6%) among natural Pinus sylvestris L. stands (Hawryło et al., 2018). 
Improved model performance metrics (R2: 0.87–0.92 and RMSE: 0.15%– 
10%) are reported for other studies where numerous Landsat data stacks 
or high spatial resolution multispectral imagery are used to quantify 
cumulative defoliation (Leckie et al., 1992; Zhu et al., 2018). In contrast, 
we modeled annual budworm defoliation leveraging consecutive annual 
changes in NDVI through time calculated using archived winter Landsat 
sensor data. Specifically, we showed that it is possible to model bud
worm defoliation within a relatively homogenous coniferous host sys
tem (JPBW) with moderate overall average precision (R2

adj = 0.52, 
RMSE = 15.44%) to levels similar to that reported by Hawryło et al. 
(2018). Our best defoliation model performance was our 2006 contin
uous annual JPBW model, with an R2

adj of 0.75 and RMSE of 11.29%. 
As we expected, continuous models of JPBW annual defoliation 

outperformed SBW annual defoliation models. Our results explain, in 
part, the strong differences in forest compositional complexity and dif
ferences in budworm defoliation dynamics between the two systems. 
Two dominant factors affected the budworm-defoliated host’s optical 
characteristics and the resulting change in NDVI values: (1) homogenous 
distribution of host (both horizontally and vertically) and (2) the dis
tribution of foliage age. Specifically, 100% annual defoliation in JPBW 
systems means only partial consumption of the total live foliar biomass 
because jack pine trees, on average, retain roughly two years of foliage, 
of which only the current-year’s foliage is palatable (Radeloff et al., 
1999a). However, in SBW systems a similarly severe defoliation trans
lates to consumption of ca. 28% of total live foliage biomass, as host 
species may retain up to six years of foliage (MacLean et al., 2001). 
Despite this, ancillary data on forest structure and composition did not 
explain system differences in our ability to map defoliation, indicating 
that further effort is required to understand the influence of forest and 
ecosystem complexity on defoliation detection. 

The severity of defoliation in any given year is a function of cater
pillar density and remaining host availability (Nealis and Régnière, 
2004). As such, we observed variable or deceasing annual defoliation in 
successive defoliation years (i.e., 2004 to 2006) within each budworm 
system (SBW: 34.9%, 41.14%, and 12.77%; JPBW: 61.05%, 49.01%, and 
43.36%). Similar to JPBW, a multi-year SBW outbreak cycle reported by 
Maclean and Ostaff (1989) and Nealis and Régnière (2004) had a 
decreasing trend in where annual defoliation decreased in successive 
years following the cycle’s peak year. Moreover, we suspect the heavy 
JPBW defoliation in 2004 likely induced a reduction in pollen produc
tion in following year (Nealis et al., 2003; Nealis and Lomic, 1994), 
which induced the dispersal of caterpillars in search of food that resulted 
in relatively diffuse defoliation (Nealis et al., 2003; Nealis and Régnière, 
2004). However, the ability of conifer systems to recover in the months 
following a relatively diffuse defoliation (Cooke et al., 2021; Nealis 
et al., 2003; Nealis and Régnière, 2004) may cause both a decrease in the 
apparent defoliation amount and an increase in current-year foliage in 
budworm systems. Such mechanisms could partially explain the poor 
2005 JPBW annual defoliation model performance (R2

adj = 0.27, RMSE 
= 14.93%) and positive changes in NDVI in both JPBW and SBW systems 

in 2006. Interestingly, Rahimzadeh-Bajgiran et al. (2018) reported 
similar variations in defoliation model performance following the peak 
disturbance year, where model accuracies decreased from 72% (2008) 
to 64% (2009). 

We successfully demonstrated the utility of mapping annual bud
worm defoliation via the use of multi-temporal winter Landsat sensor 
data. Here, our approach to modeling budworm defoliation does not 
require that the pre-disturbance image year is completely free of insect 
disturbance, as we evaluated relative change in defoliation status from 
year to year. This is possible in coniferous systems, especially in our 
study because (1) annual defoliation in these systems refers to the 
percent reduction of current-year foliage and (2) because conifers, for all 
practical purposes, do not re-foliate during the remaining growing sea
son following the annual defoliation. Our method of employing winter 
imagery to model annual defoliation circumvents two key limitations 
that characterize previous studies: (1) the need to capture the time- 
variable peak of annual defoliation (red-needle or red-attack stage) 
and (2) the dampening optical effects associated with summer broadleaf 
tree cover in mixed stand. Hence, we believe our budworm disturbance 
modeling approach could be easily adapted to other temperate regions 
where coniferous host distribution is relatively concentrated. 

5.2. Defoliation detection across systems 

Until now, the application of satellite remote sensing data for map
ping insect defoliation has been largely system-specific and categorical 
in application (e.g., defoliated vs. non-defoliated). Here, we combined 
annual defoliation data from three different systems (SGM, JPBW, and 
SBW) with each system exhibiting high, moderate and low gradients of 
insect disturbance severity. As such, our results demonstrate that the 
magnitude of change expressed in Landsat-based vegetation indices, VIs, 
associated with defoliation is different between conifer and broadleaved 
systems (Figs. 5–7). For instance, 10% annual defoliation translates to a 
negative change in VI values for SGM (− 0.02) and a positive change in 
VI values among the budworm systems (0.22 for JPBW and 0.12 for 
SBW) (Fig. 5). We suspect various factors influence the Landsat-based VI 
differences observed between these two broad systems. First, species- 
specific foliar reflectance in the NIR region (0.77–0.9 um) is more sen
sitive to disturbance change in broadleaf foliage compared to conifer 
foliage (Boresjö, 1989; Leckie, 1987; Ollinger, 2011; Vogelmann and 
Rock, 1988, 1989) as discussed in previous section. For instance, as in 
our study, Radeloff et al. (1999a) observed a positive relationship be
tween NIR and defoliation in jack pine. These authors speculate that as 
the overstory is consumed the NIR contributions of the coniferous un
derstory increase. Second, fundamental difference in shoot-defoliation 
assessment between conifer and broadleaf systems exist. For instance, 
10% annual defoliation in a conifer system implies removal of 10% of 
the current-year foliage, which implies that this 90% of the current-year 
foliage remaining is a net increase to the total live foliage, which include 
multiple years of live foliage (sensu Hall et al., 2016). In contrast, 10% 
defoliation in a broadleaf system is a net foliage loss, as there is only one 
year of foliage in any given year. Moreover, optical dampening resulting 
from the presence of broadleaved trees in mixed conifer stands, as in our 
case (Ekstrand, 1994; Leckie, 1987; Rock et al., 1988). 

For budworm systems, a negative change in NDVI is typically asso
ciated with >70% annual budworm defoliation. However, a high level of 
defoliation (>70%) in a budworm system is considered moderate 
defoliation when compared to a SGM system. As we explained earlier, 
quantifying annual defoliation among conifer and broad-leaf defoliator 
systems differs dramatically due to differences in foliage retention and 
longevity. That is, annual defoliation in SBW and JPBW refers primarily 
to the loss of current-year foliage among multiple years of unpalatable 
live foliage retained, while similar levels of SGM defoliation refers to 
total loss all foliage. Hence, 70% annual defoliation in SGM translates to 
35% of JPBW (per. Observation,(O’Neil, 1962)) and 20% of SBW 
(MacLean et al., 2001) defoliation when scaled to total amount of live 
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foliage. In this context, the maximum canopy defoliation (frass and fo
liage loss) in JPBW system is equivalent to 40% defoliation in SGM 
(Figs. 5-6). Scaling of canopy defoliation to same units (frass [kg⋅ha− 1] 
and foliage loss [0–1]) enables cross-system comparisons with respect to 
dVI (Figs. 5-6). 

To our knowledge, this study is the first to show the clear association 
between dVI values and foliage loss, as well as frass deposition across 
multiple defoliator systems. Our study shows that defoliation models for 
conifer and broadleaved systems perform best when separated, espe
cially when the aim is to estimate low levels of defoliation. It is impor
tant to note that the performance of a predictive defoliation model can 
be improved at the individual tree level when hyperspectral sensor data 
are combined with LiDAR sensor data (R2 = 0.81 and RMSE = 14.46%, 
Meng et al., 2018). While such approaches may not yet be feasible for 
regional mapping purposes due to the lack of multi-temporal LiDAR, 
higher spatial and spectral resolution imagery combined with novel 
approaches will likely further improve model performance (Lottering 
et al., 2019; Lottering and Mutanga, 2016) to support regional mapping 
needs in the future. 

6. Conclusion 

We present a comprehensive study of budworm defoliation detection 
in primarily coniferous systems (SBW and JPBW) and compare these 
results to those of a broadleaf system (SGM) through the analysis of 
ground-to-satellite calibrated defoliation models across the three sys
tems. We found that the magnitude and direction of change in Landsat- 
based vegetation index values, VIs, due to defoliation are substantially 
different in terms of biological meaning between budworm and broad
leaf defoliator systems. That is, one unit of change in VI difference, dVI, 
translates to different amount of foliar biomass among systems, which 
precludes the development of one global defoliation model. As such, we 
recommend using separate, system-specific models to capture the dif
ference in system-specific biological impacts, especially for coniferous 
and broadleaf systems. With respect to budworm systems, our analyses 
show that NDVI change imagery, calculated using winter Landsat sensor 
data, provides a robust and appropriate approach for modeling and 
mapping annual defoliation in conifer systems. Particularly among ho
mogenous conifer stands, when continuous defoliation mapping is the 
goal, the method describe here provides a simple way to estimate annual 
defoliation when either copious clouds or poor sensor overpass timing 
precludes capture of the optimal window of opportunity for peak defo
liation detection in summer. This paper contributes to the ensemble 
learning of canopy defoliation by using three different approaches to 
measure canopy defoliation: shoot-based estimates (%), frass biomass 
(kg⋅ha− 1), and foliage loss derived from frass which can be used to assess 
annual forest health, nutrient flux and carbon dynamics, respectively. 
We believe both the inclusion of defoliator population dynamics in 
disturbance assessments and use of hyperspectral sensor data will likely 
lead to advancements in the detection and mapping of continuous 
defoliation in future. 
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