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1 | INTRODUCTION

The eruptive population dynamics of insects have challenged hu-
mans throughout their history, with an outbreak of desert locust
among the punishments meted out to the Egyptians in the Old
Testament [Exodus 10:13-15(2011)]. In forest ecology, the com-
plex dynamics of eruptive folivorous moths and tree-killing bark
beetles are determined by host tree abundance, symbionts, natu-
ral enemies, competitors and climate (Alalouni et al., 2013; Liebhold
et al., 1998; Yguel et al.,, 2011). Climate change has already been
shown to further increase the likelihood of outbreaks of insect pests
(Millar & Stephenson, 2015; Seidl et al., 2014). Quantitative data on
the impact of insect outbreaks on trees over a large scale provide
a baseline for forest management policies and guide the distribu-
tion of government-sponsored financial support for forest owners.
Furthermore, ecosystem disturbance is recognized as a high-priority
essential biodiversity variable (EBV) class, as it is a driver of substan-
tial change in ecosystems (GEO BON, 2017; Pettorelli et al., 2016).

Outbreaks of tree-killing insects over large areas have been
mapped using remote sensing methods (Hollaus & Vreugdenhil, 2019;
Senf et al., 2015). Even the early stage of tree die-back induced by
bark beetle infestation can be identified by optical satellite data
(Abdullah et al., 2019). A more complex challenge is detecting de-
foliation by insects in deciduous trees, as many tree species sub-
sequently refoliate. In spring, deciduous trees develop their foliage
within a few weeks, with herbivorous insects feeding on the highly
nutritious new leaves shortly thereafter. Because the timing of
leaf-flush and herbivore attack varies among trees and sites, the
timing of defoliation and refoliation events varies as well (Lovett &
Tobiessen, 1993; Senf et al., 2017; Townsend et al., 2012), requiring
sensors with a sufficient temporal and spatial resolution.

Among defoliating insects, the gypsy moth Lymantria dispar
(Lepidoptera: Erebidae), native to Europe and Asia, is a serious pest in
deciduous forests (Lowe et al., 2000). During the last decades, ex-
pansion of the species’ range and outbreaks of increasing frequency
have been reported over the world (Giese & Schneider, 1979;
Liebhold et al., 1992; Orozumbekov et al., 2009), supported by ris-
ing temperatures (Régniére, 2009; Seidl et al., 2014). The ecolog-
ical and economic concerns associated with defoliation by gypsy
moths have led to the deployment of remote sensing in monitoring
efforts. Vegetation indices from spaceborne multispectral sensors,
such as MODIS and Landsat, have been used in the near-real-time
monitoring of gypsy moth outbreaks in the United States (de Beurs
& Townsend, 2008; Spruce et al., 2011; Townsend et al., 2012).
More recently, Meng et al. (2018) used airborne laser scanning to
improve the detection of defoliation severity by gypsy moths at a
tree scale. In that study and in others, the canopy status between
two time slots of pre-defoliation and defoliation was compared (de
Beurs & Townsend, 2008; Meng et al., 2018; Townsend et al., 2012).
However, such analyses are too coarse to detect insect defoliation
when the trees are defoliated for only a few weeks. In addition, spec-
tral image acquisition is regularly impeded by cloud cover so that the

optimal time for detecting defoliation can easily be missed. Thus,

studies of gypsy moth defoliation require very dense intra-annual
time-series data (Mitchell et al., 2017; Senf et al., 2017). Intra-annual
remote sensing studies of gypsy moth infestations are lacking, and
little information is available for other deciduous defoliators, even
with coarse resolution only appropriate to homogeneous landscape
(Chavez et al., 2019; Olsson et al., 2016).

The global coverage provided by the Sentinel-1 mission, recently
launched C-band synthetic aperture radar (SAR) satellites, is facilitat-
ing ecological studies by generating remote sensing data with high
spatial and temporal resolution. The open-access policy for these
data opens up new possibilities for forest ecology, such as the mon-
itoring of forest biomass (Huang et al., 2018), deforestation (Reiche
et al., 2018), phenology (Frison et al., 2018), burnt area (Carreiras
et al., 2020) and windthrow (Tomppo et al., 2021). As such, recent
studies showed the potential of cloud-independent Sentinel-1 radar
data that might also facilitate monitoring of the temporal dynamics
of defoliation by gypsy moths and subsequent refoliation, by pro-
viding dense intra-annual time-series data during the tree-growing
season of temperate forests. Such dense time-series analysis of SAR
data for mapping insect disturbance was not studied. It is because
detecting attack by tree-killing insects may less require such intra-
annual change detection (Ortiz et al., 2013; Ranson et al., 2003;
Tanase et al., 2018), and such dense SAR data had not been avail-
able even for studying disturbance by defoliating insects, as shown
in monthly analysis of ERS-2 SAR data in Kaasalainen et al. (2010).

In this study, we made use of a well-replicated experimental
manipulation of caterpillar densities in mixed oak forests (see more
details of the experimental design in Leroy et al., 2021) to test the
applicability of publicly available Sentinel-1 radar (henceforth, simply
referred to as ‘radar’) data to quantify the temporally and spatially
highly variable herbivory and tree response by refoliation (Figure 1).
To validate our approach, we used terrestrial laser scanning (TLS)
data and caterpillar counts by canopy fogging and compared radar-

derived indices with Sentinel-2 optical data.

2 | MATERIALS AND METHODS
2.1 | Study site

The study was conducted in a hilly area (200-500 m a.s.l.) in central
Germany (centred at N 49°37’, E 10°24’). The plots were selected
based on a gypsy moth survey of egg mass conducted in 2018 by
regional forest offices on the 2,802 transects (10 trees per transect).
The ‘defoliation risk index’ (DRI) was calculated with the mean egg
mass density on transects divided by the critical egg-mass density
(high risk if DRI > 1 and low risk if DRI < 0.5; for details, see file S1
in Leroy et al., 2021). Candidate plots required conditions of non-
recent spray history, structural homogeneity and at least 5 ha. The
combination of two high-risk (H) and two low-risk (L) candidate plots,
composing one spatial block, located within 10 km was selected as
candidate blocks. The final blocks satisfying approval of landowner

and state were selected, and the detail of the plot selection can be
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found in Leroy et al. (2021). The fully factorial experimental block
design comprises two risk levels of defoliation by gypsy moths, H
and L, and two pest-control treatments, sprayed with Mimic (ac-
tive ingredient tebufenozide, M) and an unsprayed control (C).
The Mimic plots were aerially sprayed with tebufenozide (Mimic®,
Spiess-Urania Chemicals) by a helicopter between May 3rd and 23rd
2019. In each block, one of the two plots per risk level was randomly
chosen for insecticide treatment; the other plot was left unsprayed
and served as the control (HC and LC). The 2 x 2 factorial design thus
results in four treatment combinations (HC, HM, LC and LM) that are
distributed over 11 spatial blocks (A, B, D, F, G, H, J, M, N, O and S)
for a total of 44 forest plots dominated by deciduous oak Quercus
robur and Quercus petraea spread over about 70 km (Figure S1). Each
block contained four treatment combinations, with similar forest
structures, stand ages and tree species composition within a block.
The mean plot area investigated was 4.6 ha (SD: +2.1), which was the
core area we collected the data of remote sensing and ground truth,
corresponding to the subplot named in Leroy et al. (2021). To expand
the dataset of highly defoliated areas for our binary a posterior clas-
sification analysis, we added another 12 plots (H2C type; high-risk
and unsprayed plots) in the same study area observed in the field
as highly defoliated but without TLS and caterpillar sampling. These
five types constituted the a priori classification (before the onset
of herbivory). Based on field observations during the 2019 growing
season, the (44 + 12=) 56 plots were reclassified (a posteriori, after
the onset of herbivory) according to their defoliation severity as ei-
ther heavily (DEF+) or lightly (DEF-) defoliated forests. The Mimic
plots (M) still had a few active caterpillars after spraying (see the
caterpillar abundance from the four treatments in Figure S2), and the
forest canopy of our study area was defoliated by other caterpillars
as well as caterpillars of gypsy moths. Thus, we defined the Mimic
plots (HM and LM) as well as LC plots as lightly defoliated rather than

(108-119)

18

(228-239) (264-270)

1o 15
(168-179)

Time-step (DOY)

no-defoliation plots, as they were defoliated at least lightly. Other
than expected based on egg mass counts, the defoliation severity in
some HC plots was light due to other ecological factors that limited
defoliation. These three HC plots (AHC, GHC and SHC) were thus
re-assigned to the DEF- group by field observation after the end of
defoliation.

2.2 | Sentinel-1 data processing
2.2.1 | Sentinel-1 data acquisition and pre-processing

Sentinel-1 C-band SAR data covering our study area were obtained
from the ESA Scientific Hub (https://scihub.copernicus.eu/) be-
tween March and September 2019. All available level-1 ground-
range-detected high-resolution (GRDH) products acquired by the
interferometric wide-swath mode were selected, including from
both ascending (relative orbits of 117 and 15) and descending (rela-
tive orbits of 168 and 66) satellite passes. The GRDH products have
a pixel spacing of 10 m and two polarizations, VV (vertically trans-
mitted, vertically received radar pulse) and VH (vertically transmit-
ted, horizontally received radar pulse). In total, 174 products over
132 days were retrieved. On average, 102 days of total 214 days
between March and September were covered by GRDH products
per plot. These were pre-processed using the Sentinel Application
Platforms (SNAP) Sentinel-1 Toolbox software. The pre-processing
steps included precise orbit correction, thermal noise removal
and radiometric calibration to the radar brightness coefficient ﬁo
Radiometric terrain flattening and range-Doppler terrain correc-
tion were then executed based on the digital elevation model of the
Shuttle Radar Topography Mission (SRTM v.4.1), with a 1-arc-second

resolution (approximately 30 m), and /P—transformed to yo, which
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represents the backscatter coefficient normalized by the local illu-
minated area (see the Supplementary Note S 3.2 in Bae et al. (2019)
and the batch processing graph at https://github.com/So-YeonBae/
Sentinell1-Biodiversity). Lastly, the values were converted to dB as
10 x log;07° (henceforth, 10 x log,,7° is referred to as y°). The mean
7° values of the VV and VH polarizations within each plot were ex-
tracted to characterize forest canopy status, using the function ex-
tract in the r package rasTer (Hijmans, 2019).

2.2.2 | Canopy development index

The time-series ;/0 values of the VV and VH polarizations were
smoothed using the Gaussian window function within the func-
tion smth.gaussian in the r package smootHErR (Hamilton, 2015; see
Supplementary Note 1 for parameterizing). Two smoothed products
were generated, per plot, from all relative orbits by polarization, a 12-
day composite and a single-day smoothed time series. For the former,
the averages of the 12-day intervals (e.g. the average of DOY 60-71
for the first step) were calculated, and the Gaussian smooth function
was then applied to the averaged values generating 18 timesteps be-
tween March and September (i.e. DOY 60-273). For the latter, the
single-day smoothed and interpolated time series was generated.

The difference between the smoothed y° values of VV and VH,
defined herein as the canopy development index (CDI = V?/v - V\O/H;
unit: dB), was computed because the different intra-annual temporal
profiles between VV and VH were found to identify phenology in
deciduous forests (Frison et al., 2018). This index was called the ratio
between VV and VH, as previous studies computed their ratio before
log-transformation (Frison et al., 2018; Nicolau et al., 2021; Veloso
et al., 2017). In this study, we named it CDI for the convenient label-
ling of the following indices. To reduce the impact of other, irrelevant
effects on backscatter intensities, such as species composition or soil
characteristics, the normalized CDI (NCDI = (CDI/CDl,i, during leafoft)
was calculated by dividing the time-series CDI values at each plot by
the minimum CDI value during the leaf-off season (CDI
DOY 60-119; stage 1 in Figure 1) of each plot.

min during leafoffs

2.2.3 | ANCDI indices as surrogates of
defoliation and refoliation

Four critical time-steps (A, B, C and D) indicating prominent pheno-
logical transitions were selected from the 18 timesteps of the NCDI of
the 12-day composite time-series data based on the temporal trajec-
tory of the NCDI and literature (e.g. bud-burst at DOY 109 for oak
forests in Belgium in 2018 in Marchand et al. (2020) and defoliation of
gypsy moth between DOY 120 and 180 with the peak at DOY 150 in
de Beurs and Townsend (2008)). Step A was the start of leaf-flushing
and the following defoliation (the fifth timestep; average DOY 108-
119; label A in Figure 1), as the temporal trajectories of the NCDI were
observed to be divided between heavily and lightly defoliated forests
from the sixth timestep. Step B was the first peak of leaf-flushing

and was defined as the timestep with the maximum NCDI between
the seventh and ninth timesteps (DOY 132-167; Stage 2 in Figure 1).
Step C, the end of defoliation, was defined as the timestep with the
minimum NCDI between the 10th and 15th timesteps (DOY 168-239;
Stage 3 in Figure 1). Step D, the end of the growing season, was de-
fined as the timestep with the maximum NCDI between the 17th and
18th timesteps (DOY 252-270; Stage 4 in Figure 1), as leaf senescence
starts at the earliest DOY 270 in German deciduous forests for the
last three decades (Liu et al., 2020). These four critical timesteps were
used to calculate two indices related to defoliation (Equations 1-2) and

two indices related to refoliation (Equations 3-4).

ANCDIpefgiiationta—c) = NCDlgiep o = NCDlgyep, (1)
ANCDIpeak pefoliation(B—c) = NCDlstep g = NCDlspep, ¢ (2)
ANCDIpea refoliation(p-c) = NCDlstep p =NCDlstep ¢ )

ANCDIgefoliation—8) = NCDlgtep p = NCDl e (4)

The four ANCDI indices of the five forest types of the a priori
classification (HC, H2C, HM, LC and LM) were compared using pair-

wise Wilcoxon-Mann-Whitney rank-sum tests.

2.3 | Sentinel-2 data processing

Sentinel-2 optical data were also obtained from the ESA Scientific
Hub on 56 plots for the same period covered by the Sentinel-1 data,
between March and September 2019. All available level-1c products
covering our study area in which the cloud cover was <70% were
selected, resulting in products covering a total 15 days. Some were
cloud-free, but most had patches of clouds and haze. The cloud-free
and haze-free plots were selected from each product, and their nor-
malized difference water index (NDWI) values were calculated, con-
sisting of 699 values from the 15 days (on average, 12.5 day-values
per plot; see the DOY and the number of plots per day in Figure S3).

BB _Bil

g+511

NDWI = (5)

where By is band 8 of the near-infrared wavelength (842 nm), and B, , is
band 11 of the short-wave infrared wavelength (1,610 nm; see more ex-
planation on NDWI in Supplementary Note 2). Spearman rank correlation
coefficients using a two-sided test were calculated to compare (interpo-
lated) single-day CDI and NDWI on the Sentinel-2 acquisition dates and

plots (n = 699) due to the non-normal distributions of the two variables.

2.4 | Terrestrial laser scanning

Terrestrial laser scanning (TLS, RIEGL VZ-400i laser-scanning sys-

tem; RIEGL Laser Measurement Systems) was conducted to track
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the forest canopy structure in three dimensions before and after
insect defoliation. The first campaign (TLS1) took place before the
start of the 2019 growing season (DOY 79-107; 20 March-17 April;
t1), the second campaign (TLS2) during peak feeding of the gypsy
moth (DOY 179-200; 28 June-19 July, t2) and the third campaign
(TLS3) after the end of defoliation (DOY 240-249; 27 August-5
September; t3) at 43 plots of HC, HM, LC and LM types. Since the
GHM plot (HM type in a block G) missed the leaf-off time of the
first campaign, it was excluded, such that the TLS data from 43 plots
were used in the validation of the CDI derived from Sentinel-1. For
TLS1, 20 centre-trees at each plot, that is, five centre-trees per the
four cardinal directions, were scanned on an average of four times
per tree. For TLS2 and TLS3, 12 centre-trees at each plot, that is,
three centre-trees per the four cardinal directions, were scanned.
From TLS1, TLS2 and TLS3, respectively, the point clouds within a
boundary of the four circles with a radius of 20 m from the second
centre-trees along the four cardinal directions (N2, S2, E2 and W2;
Figure S4) were extracted to calculate the foliage index, as this area
(c. 0.5 ha) was the best-scanned area (see Figure S4 for the scanning
and extracted locations). Only points higher than 10 m above the
ground were included, to exclude vegetation cover from the shrub
and herb layers in the assessment of canopy defoliation. The point
cloud was divided into voxels with a size of 125 cm® (5 x 5 x 5 cm),
and the number of occupied voxels (NoVoxels) was counted.
NoVoxels on t1 (NoVoxels1) was used as a leaf-off baseline of forest
structure. To include the points reflected from trunks and branches
(sometimes hidden by foliage) in NoVoxels on t2 and t3 (NoVoxels2
and NoVoxels3), we merged each point clouds from TLS1 and TLS2
for NoVoxels2 before voxelating and TLS1 and TLS3 for NoVoxels3.
The foliage index on t2 and t3 was calculated by dividing NoVoxels2
and NoVoxels3 by NoVoxels1, respectively. Spearman rank correla-
tion coefficients were calculated to test the association between the
foliage index on t2 and t3 and single-day NCDI on the same dates as
t2 and t3 (n = 86, 43 plots x 2 campaigns).

2.5 | Caterpillar sampling

Caterpillars from the canopies were sampled using a pyrethrum-
knockdown technique and four tarpaulin sheets (3 x 5 m) covering
a total sampling area of 60 m? per forest plot. We conducted the
sampling shortly after treatment (DOY 143-158; 23 May-7 June)
and after the defoliation period (DOY 182-185; 1 July-4 July) with
the records of fogging quality at 44 plots of HC, HM, LC and LM
types (for details of sampling quality, see Supplementary Note 3).
Plots with poor sampling qualities due to weather conditions, that is,
mean qualities of two-times samplings <2.0, were excluded (see the
comparison between all plots (n = 44) and plots excluding poor quali-
ties (n = 38) in Figure S5). Spearman rank correlation coefficients
were calculated to test the association between ANCDIpgtojiation(a-c)
and the total number of the caterpillars over two-times samplings
to include the non-normal distributions of variables. Before the sta-

tistical test, caterpillar abundances were natural log-transformed

to improve the right-skewed distributions. Quantile regression
was applied to estimate the effect of caterpillar abundance on
ANCDlpeforiation(a-c) aNd ANCDlpeyy pefoliation(—cy 1he quantile regres-
sion is appropriate if the predictor variable acts as an ecological lim-
iting factor, and other potential limiting factors are not measured
(Cade & Noon, 2003). In our study, caterpillar abundance was one of
the limiting factors constraining defoliation severity, but other limit-
ing factors such as parasite infection (Alalouni et al., 2013), tree spe-
cies composition and its spatial arrangement (Yguel et al., 2011) were

not reflected in the regression.

2.6 | A prioriand a posteriori classification

All forest plots were classified according to the a priori categories
H2C, HC, HM, LC and LM as well as with regard to the a posteriori
categories DEF+ and DEF- by eight classification methods (see used
methods in Supplementary Note 4), including naive Bayes classifica-
tion (‘e1071’; Meyer et al., 2019), a method which originally gained
broad attention when successfully utilized for spam identification
and e-mail text classification (Sahami et al., 1998). We chose naive
Bayes as the reference method as it is well known, available in any
popular computing environment, and a simple and efficient method
for multi-class classification, specifically when the sample size is
small (Ashari, 2013; Huang & Li, 2011; Sordo & Zeng, 2005). Seven
algebraic metrics extracted from either the 12-day or the single-day
NCDI time series were used as predictors: NCDI at steps B, C and D
and four ANCDI indices (Equations 1-4). The classification methods
were trained and evaluated based on threefold cross-validation with
split datasets. The data were split into training (n = 38, ~68% of the
complete dataset) and test (n = 18, ~32%) subsets for each cross-
validation. The training data were chosen randomly within each class
but were (approximatively) equally distributed between classes. Each
classification method was parameterized with the training dataset,
and its performance was then evaluated based on the test data-
set. Threefold cross-validation was utilized to ensure that variation
is representative both in the training and test dataset. In addition,
it balances the conflicting requirements for low bias in model per-
formance estimates and moderate variance (James et al., 2013). Six
performance indices such as sensitivity and specificity (see more de-
tails in Table 1) were given as means of the threefold cross-validation
for each class and arithmetic means, that is, (macro) average values,
were obtained for entire classes (Herrera et al., 2016).

3 | RESULTS

The indices based on satellite radar (Sentinel-1), optical sensor
(Sentinel-2) and TLS data were highly correlated. The CDI derived
from the radar data correlated strongly with the NDWI derived
from the optical data (Spearman's p = 0.79, p < 0.001) and with
the amount of foliage estimated from TLS (Spearman's p = 0.84,
p < 0.001; Figure 2). In some plots, the association between NDWI
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TABLE 1 Quality indicators for the a priori and a posteriori classifications of the test dataset (n = 18) using the naive Bayes classifier
based on algebraic metrics calculated from the single-day time series. (a) Schematic confusion matrix for a category X (e.g. for HC) to explain
the quality indicators in Table 1b. (b) Sens: sensitivity, fraction of cases correctly classified for a category X among all observations in that
category: a,/(a, + c,); Spec: specificity, fraction of correctly classified complementary cases (e.g. not HC) among all observations in the
complementary categories: d, /(b, + d,); PPV: positive predictive value, that is, fraction of correctly classified cases among all classifications
as the specific category: a,/(a, + b,); NPV: negative predictive value, that is, fraction of correctly classified complementary cases among

all classifications as a complementary category: d,/(c, + d,); F1: harmonic mean of the sensitivity and the positive predictive value: a,/

(a, +b,/2 + ¢ /2); Balanced accuracy: mean of the sensitivity and specificity: % (a,/(a, + c,) + d,/(b, + d.)). All values are givens as means of

threefold cross-validation

(a)

Observation

X
Prediction
X True positive: a,
Not X False negative: ¢,

(b)

Not X

False positive: b,

True negative: d,

Balanced
Sens Spec PPV NPV F1 accuracy
a/la, +c) d /(b +d) a/la,+b) d/c, +d) 2(Sens x PPV)/(Sens + PPV) %(Sens + Spec)
A priori classification
H2C 1.00 0.95 0.85 1.00 0.92 0.98
HC 0.64 1.00 1.00 0.92 0.77 0.82
HM 0.61 0.81 0.44 0.90 0.51 0.71
LC 0.56 0.89 0.58 0.89 0.55 0.72
LM 0.28 0.86 0.51 0.82 0.32 0.57
Mean (macro 0.62 0.90 0.68 0.9 0.61 0.76
average)
A posteriori classification (binary)
Heavily (DEF+) 0.93 0.97 0.93 0.97 0.93 0.95
Heavily (DEF-) 0.93 0.97 0.93 0.97 0.93 0.95
Mean (macro 0.93 0.97 0.93 0.97 0.93 0.95

average)

and radar backscatters was low. For example, the NDWI values at
plots NLM and NLC (LM and LC types in block N) in late summer
were lower than expected from the CDI values, whereas at plot
HHC in mid-summer and all plot types in block J in early spring the
CDI values were lower than expected from the NDWI values (see
Figure S3 for exact dates).

For z = 0.50 (the median) and = = 0.90, the quantile regressions
of caterpillar abundance and ANCDIpjiationa—c) Yielded R? values
of 0.52 and 0.71, respectively (quantile regression lines in Figure 3
and coefficient plots as a function of quantile in Figure S6). The
latter indicated that the prediction that 90% of the values of de-
foliation severity would be less than or equal to the 90% quantile
regression function (the highest dashed grey line in Figure 3) would
have an accuracy of 71%. The interval between the 0.90 and 0.10
regression quantile estimates (80% prediction interval for a future
observation) at forests with a high abundance of caterpillars was
much wider than that at forests with fewer caterpillars. Thus, while

maximum ANCDIpsiationia—c) @S @ surrogate of defoliation severity

correlated strongly with caterpillar density, there were also forests
with high numbers of caterpillars but without severe defoliation.
ANCDIpeay pefoliation—c) Showed a similar result with R? values of 0.50
for z = 0.50 (see Figure S7).

The ANCDIpefojiationia—c) Was significantly higher at plots H2C
and HC, that is, plots with high-level damage, than at plots HM,
LC and LM, as shown by pairwise Wilcoxon tests (Figure 4A, see
Table S1 for exact p values). The same was determined for the
ANCDIp. pefoliationis—c) (Figure 4B). Specifically, after the herbivory
period (step C), the defoliation severity at the H2C plots was >0,
which meant that the H2C plots had even fewer leaves than be-
fore the start of herbivory (time-step A; Figure 4A). However, the
ANCDIpe,i refoliation (D-cp @S @ Proxy of the amount of refoliation after
defoliation, was also much higher at the H2C plots (Figure 4C). The
ANCDIgefoliation(p—py @S @ proxy of the amount of refoliation after the
first peak of leafing, was below zero at plots H2C and HC, indicating
that after defoliation the amount of foliage did not entirely recover
(Figure 4D).
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The NCDI trajectories of DEF+ and DEF- differed (Figure 5).
Most H2C and HC plots were identified as DEF+, thus character-
ized by a lower leafing peak and a signal intensity that decreased
sharply during the peak of defoliation. Plots HM, LC and LM as well
as some of the HC plots (AHC, GHC and SHC) were identified as
DEF-. Compared to the plots of heavily defoliated forests, their val-
ues at the first leafing peak were higher and the decrease in signal
intensity during the peak of herbivory was smaller.

A priori and a posteriori classifications yielded similar results for
different classifiers (Tables S2). As an example, in the naive Bayes
classification, the macro-average of balanced accuracy for the a priori
classification of the test data was 0.76, much higher than the score of a
random classification (for additional performance indices, see Table 1).
The sensitivity of the naive Bayes classification, that is, the true posi-
tive rate, was highest for the H2C plot and lowest for the LM plot. In
general, the specificity, that is, the true negative rate, was higher than
the sensitivity. When the naive Bayes algorithm was applied to the
test dataset for the binary classification of defoliation severity (DEF+
vs. DEF-; Table 1, Tables S3), heavily or lightly defoliated forests were
classified almost perfectly (see Tables S4), thus underlining the power
of radar backscatter to identify highly defoliated forests.

4 | DISCUSSION
4.1 | Time-series canopy development index

Recently, Sentinel-1-based studies are applying SAR indices such
as the ratio between VV and VH and Radar Vegetation Index

(4yVH /yH 4+ yW) for intra-annual temporal profiling of forest type
and crop type (Frison et al., 2018; Holtgrave et al., 2020; Veloso
et al.,, 2017). In temperate forests, a few studies showed seasonal
differences in VV and VH intensity by forest type and used the
intra-annual time-series information of those intensities in the clas-
sification of forest type (Dostélova et al., 2018; Frison et al., 2018).
Our results first demonstrate that the ratio between the intensities
of VV and VH (CDI) can be used to track the temporal trajectory
and defoliation severity of canopy herbivory. Despite the success
of MODIS time-series data in estimating forest defoliation by gypsy
moths in previous studies (de Beurs & Townsend, 2008; Spruce
et al., 2011), the spatial resolution of the predicted area was limited,
for example, 0.6 km? or 0.25 km? of the smallest unit area (de Beurs
& Townsend, 2008; Spruce et al., 2011), too coarse for management
decisions for fragmented landscapes. Compared to temporally high-
resolution optical sensors such as MODIS and Sentinel-2, the ad-
vantages of Sentinel-1 (pixel spacing of 10 m and repeat frequency
of 2 days in our study) are its higher spatial resolution compared to
MODIS (250 m) and its higher practical temporal resolution than
Sentinel-2 which is strongly limited by cloud cover (12.5 day-values
per plot in our study).

4.2 | CDI versus vegetation indices from
two sensors

The smoothed and interpolated daily CDI (or NCDI) values from
the Sentinel-1 well matched the single-day values of vegetation (or

foliage) indices determined from Sentinel-2 and TLS, showing less
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signal saturation. The vegetation index using the short-wave infrared
wavelength such as NDWI worked better than other optical-based
indices for mapping defoliation by gypsy moths in previous studies
(de Beurs & Townsend, 2008; Fraser & Latifovic, 2005; Townsend
et al.,, 2012; see more on NDWI in Supplementary Note 2). In our
study, the scatterplot of CDI versus NDWI (Figure 2A) revealed sig-
nal saturation at high NDWI but not high CDI values. It was reported
that high biomass levels (lightly defoliated plots in our study design)
resulted in saturation of the backscatter coefficient of C-band SAR
(Tsui et al., 2012). By contrast, there was no signal saturation of CDI
(or NCDI) with respect to forest type or the structure or region of
the study site for both comparisons (Figure 2A,B). In few cases, the
NDWI values did not match well with the CDI values (Figure 2A).
The first mismatch involved the NLM and NLC plots in late summer,
in which case the NDWI was lower than the CDI. This may have
been due to the withered leaves that remained on the branches of
drought-stricken trees, as suggested by field observations, showing
CDl is less sensitive to tree drought. Conversely, at all forest plots in
the J block in early spring the NDWI was higher than the CDI. This
difference may have been caused by a high level of productivity by
the small volume of newly flushed leaves.

Signal saturation also occurred at low values of the foliage index
determined from TLS (Figure 2B). The TLS saturation at heavily de-

foliated plots was assumed to be the product of the difference in

canopy assessment by radar versus TLS. Our TLS assessment of
canopy development excluded points lower than 10 m (i.e. vege-
tation cover by the understory), whereas radar data still captured
the vegetation cover of the understory at heavily defoliated plots.
Accordingly, the values of the foliage index were consistently lower

than the NCDI values at heavily defoliated plots.

4.3 | ANCDI
caterpillars

Defoliation VESUs abundance of

ANCDIpfoiiation(a—c) aNd ANCDlpe i pefoliation(—c) @S SUrrogates of defo-
liation severity were closely associated with the abundance of caterpil-
lars collected, as shown by quantile regression (Figure 3; Figure S7).
Quantile regression was useful to predict the upper boundary of de-
foliation severity in response to an ecologically limiting factor (e.g. a
higher percentile regression, such as the 0.90 quantiles), assuming that
there may be other, unmeasured limiting factors. The finding of a wider
prediction interval (e.g. 80% prediction interval between the 0.90 and
0.10 regression quantile estimates) in forests with a high abundance
of caterpillars suggested a role for other abiotic or biotic factors that
reduce canopy herbivory in forests with caterpillar infestations, such
as the spatial arrangement of host tree species (Yguel et al., 2011)
and pressure through parasitism and predation (Alalouni et al., 2013;
Liebhold et al., 1998). In the study plots, oak was the most common tree
species, and it hosted many species of moths (Brandle & Brandl, 2001),
including gypsy moths (Milanovi¢ et al., 2014). According to Yguel
et al. (2011), the phylogenetic isolation of oak trees from neighbouring
trees decreases canopy herbivory. In future ecological studies, devia-
tions in defoliation severity as determined from higher quantile regres-
sion lines could be used to identify the potential effects of vegetation,
parasites and predators on the feeding activity of caterpillars.

4.4 | Classification between DEF+ and DEF-

The consistently high accuracy of the statistical classification of the
a posteriori categories allowed almost perfect discrimination be-
tween DEF+ and DEF- (Table 1; Tables S2 and S4), based on the
fine-scale time-series of Sentinel-1 (Figure 5). In other studies, the
temporal trajectories of insect defoliation of broadleaf trees were
analysed using time-series MODIS (Chavez et al., 2019; Olsson
et al., 2016). However, the coarse spatial resolution of MODIS data
is a limiting factor in studies of intensively managed and fine-grained
landscapes such as those of our study area in Central Europe (Olsson
et al., 2016). SAR data were not explored for defoliating insects due
to the lack of open-access and high temporal-resolution data, ex-
cept for Kaasalainen et al. (2010) having no success with ERS-2 data.
Our results show the high potential of open-access high-resolution
Sentinel-1 datasets for discriminating heavy defoliation by broadleaf
defoliators. This would not be feasible with either Sentinel-2, due
to cloud cover, or with TLS, due to its labour-intensive operating

modus, although both have the higher spatial resolution.
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We supplemented our analysis by discriminating the a priori clas-
sification, being aware of our limited sample size hardly sufficient for
multi-parameter classification. Thus, classification quality of the five a
priori categories differed. However, stands with high levels of gypsy
moth egg masses and without treatment (H2C and HC) could clearly
be discriminated from others while differentiation between similar
treatments (e.g. HM and LM) was not successful. For further discus-
sion, see Supplementary Note 5.

4.5 | Future application

Although our study was limited to 70 km extent, a small number of plots
and a field dataset with the stand-level resolution, our results, proven
by the intensively collected field dataset, opened the potential future
studies of Sentinel-1 data on detecting defoliation severity gradient
over a large scale. We suggested the potential use of NCDI for detecting
the event of heavy defoliation by broadleaf defoliators using threshold-
based classification at critical timesteps in Figure S8 and Supplementary
Note 6. In addition, although perhaps more challenging, Sentinel-1 data
may help investigate the causes of a defoliation event (Sommerfeld
et al., 2018). For example, linking defoliation to the activity of main de-
foliators might be achieved by a careful examination of the specific tem-
poral pattern of defoliation, specifically the characteristic feeding peak.

Canopy herbivory is an important variable in basic and applied
ecological studies on insect herbivory (Alalouni et al., 2013; Liebhold
et al., 1998; Yguel et al., 2011). Herbivory resistance, as a signifi-
cant function in forest ecosystems (Pettorelli et al., 2016; Ratcliffe
etal., 2017; Schuldt et al., 2018), is regularly surrogated as the inverse
of canopy herbivory, which is often visually estimated by quantifying
leaf damage by insects in a forest, based on a few branches. Our
research has shown a way forward in quantifying canopy herbivory
and herbivory resistance by remote sensing. Yet, Sentinel-1 data are
needed to be tested for its applicability to future macroecological

studies of herbivory resistance in broadleaf forests.
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