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Abstract: As the effects of climate change progressively worsen, many scientists are concerned
over the expanding geographic range and impact of forest-defoliating insects. Many are
currently pointing to this form of disturbance becoming a key focus of remote sensing research
in the coming decades; however, the available body of research remains lacking. This study
investigated the viability of detecting and quantifying damage caused to a managed Scots pine
forest in central Poland by insect defoliation disturbance using high-resolution multispectral
satellite imagery. Observed leaf area index (LAI) values were compared to frass observations
(insect detritus) to assess the relationship between LAI and defoliating insect activity across
a single life cycle of A. posticalis Mats. Across four managed plots, four vegetative indices
(NDVI, GNDVI, EVI, and MSAVI2) were calculated using multispectral satellite imagery
from a PlanetScope (PSB.SD instrument) satellite system. Then, 1137 point-sampled digital
number (DN) values were extracted from each index, and a correlation analysis compared
each to 40 ground-observed LAI data points. LAI was modeled on the basis of NDVI
values. Three models were assessed for their performance in predicting LAI. They were fit
using a variety of regression techniques and assessed using several goodness-of-fit measures.
A relationship between observed LAI and frass observations was found to be statistically
significant (p-value = 0.000303). NDVI was found to be the correlated LAI values (rho = 0.612).
Model 3, which was based on concepts of the Beer–Lambert law, resulted in the most robust
predictions of LAI. All parameters were found to be significant post fitting of the model using
a nonlinear least squares method. Despite the success of the Beer’s law model in predicting
LAI, detection of A. posticalis damage was not achieved. This was predominately due to issues
of resolution and plot condition, among others. The results of this analysis address many
interesting facets of remote sensing analysis and challenge the commonly held view of the
impeachability of these methods.

Keywords: forest insect disturbance; LAI; vegetative indices; remote sensing

1. Introduction
Shifts in global climate are a reality of the modern landscape; however, recognizing

and characterizing the consequences these events have on dynamic environmental systems
is a formidable task. One such impact of increasingly irregular seasonal weather patterns
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is the expansion of insect-driven disturbance events in terms of scope and amplitude in
regions that previously were untouched by such occurrences.

Forest insect pest disease disturbance (FIPD) is generally considered to be the most devas-
tating biotic disturbance to forest ecosystems at all levels and is the subject of the largest body of
modern disturbance research [1]. While the gravity of the disturbance depends on the feeding
behavior of the particular insect species, it is universally true that the presence of FIPD affects
forest tree photosynthesis, transpiration, and nutrient cycling [2]. There is little doubt that this
form of biotic disturbance has broad implications for forest health, regeneration, and carbon
sequestration, among other natural processes and systems.

The great web-spinning sawfly Acantholyda posticalis Mats., a significant defoliator
species common in pine-dominated forests of Asia and Europe, is a notable example of
one such FIPD species. Specifically adapted to feeding on Pinus sp., mass outbreaks have
been recorded to have defoliated thousands of hectares of P. sylvestris L. (Scots pine) forest,
irrevocably altering local forest systems and timber production [3]. Voolma et al. noted that
the range of mass A. posticalis outbreaks, once limited to central Europe, has expanded into
the northern Baltic states and Finland. Though considered to be a common species in these
regions, no large-scale A. posticalis outbreaks have ever been recorded [4]. In 2008, 250 ha
of mid-successional pine forest were defoliated as the result of an A. posticalis outbreak in
Estonia, and two years prior, a similar event was recorded in Finland—both representing
the first event of its kind to have ever been recorded in these countries. Despite A. posticalis’s
ubiquity within the region at large, current methods of monitoring for this insect’s presence
and geographic distribution are considered lacking [5–7].

Remote sensing (RS) methodologies represent an increasingly popular means of ad-
dressing the mentioned knowledge gaps among FIPD researchers. Employment of these
tools not only represents a reduction in the cost and time usually associated with conven-
tional FIPD monitoring but also promise validated, accurate results.

In broad terms, this body of work relies on a wide spectrum of remote sensing plat-
forms, from decades-old satellite systems to machine learning, in an effort to better under-
stand the phenomena. Differentiating between the methods currently employed largely
comes down to the biological differences of the insects they study and their habitat. How-
ever, due to the dynamic interaction of forest insects with forest ecosystems, including
the interplay of biotic and abiotic disturbances, RS analysis results must be built on a
plethora of correct assumptions and principles to be considered accurate. For instance,
an explicit temporal scope as well as the scale at which the studied interactions occur
are basic considerations for a robust analysis [8,9]. In the next decade, implementation
of novel remote sensing methods will play a key role in improving spatial mapping and
impact analysis of FIPD events via the use of more effective scanning units and processing
algorithms. According to a literature review conducted by Mngadi et al. [10], the body of
remote sensing research regarding FIPD disturbance is growing; however, no research has
been conducted regarding either P. sylvestris defoliation or A. posticalis. Such tools will not
only broaden our understanding of these destructive outbreaks; they will further facilitate
the adaptation of forest management strategy at all scales. There is a consensus in the
scientific community that this adaptation is crucial in the face of severe changes in global
climate. However, can these methods be fully relied upon to accurately describe forest
disturbance in a meaningful way? This study looks to assess this dilemma by investigating
a means to detect damage caused by insect defoliation disturbance using a suite of remote
sensing and statistical methods currently being investigated by disturbance researchers.

The primary aim of the study is to investigate the viability of detecting and quantifying
damage caused to protect Scots pine forests from insect defoliation disturbance using high-
resolution multispectral satellite imagery. Modeled leaf area index (LAI) estimates were
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selected as the metric by which detection was attempted. The primary impact of A. posticalis
infestation is defoliation; thus, LAI makes for a logical primary investigation metric. This
relationship was thoroughly investigated via robust statistical means and approached by
framing the issue into two distinct avenues of investigation:

1. Establishing a clear relationship between observed LAI values and A. posticalis defoli-
ation activity;

2. Assessing the quality of empirical methods of LAI estimation via RS imagery.

In summary, the study adopted the following generalized hypothesis h1: Modeled LAI
from remotely sensed imagery of the research plots equals LAI values observed in those plots
from the ground, with the null hypothesis being that those groups of LAI values are not equal.

2. Materials and Methods
2.1. Area of Interest

The geographic scope of the data is focused on the Kolumna Forest district near the
central Polish city of Łódź (51◦37′28.4′′ N, 19◦18′37.7′′ E). The area is categorized as state
forest and is managed by The State Forest Holding (Lasy Państwowe) on behalf of the
State Treasury (Figure 1). The foundation of this study compares the results of analysis
between plots described as infested and control. Infested plots are those that have observed
Acantholyda posticalis activity, and the control plot is that in which no activity is detected.
Plot 104a represents an area of 7.3 ha, 104b an area of 2.7 ha, 103a an area of 3.7 ha, and
236a represented an area of 1.7 ha. References to infested plots include 103a, 104a, and
104b, and the control is plot 236a, where no A. posticalis activity was observed. Divisions
103 and 104 are a part of a continuously forested area, approximately 5.5 square kilometers
in size. Division 236 is roughly six kilometers south of 103 and 104 in a stand that makes
up about eight square kilometers. Bisecting the two stands is an area of anthropomorphic
development, including a large highway in addition to agricultural areas. The Pinus
sylvestris-dominated stands that make up the area of study are characterized as humid
pine forest/moderately humid mixed pine forest, respectively, for infested and control
plots. The soil profile of all plots was generally classified as course-grained soil, with a high
concentration of sand, and the general topography can be described as flat with slight rises
and troughs, particularly in plots 236a and 103a.
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2.2. Ground Observed Data

Within each of the four plots, five litter trap boxes were placed as subplot centers.
These litter boxes with an opening of 2.5 m2 were placed along a transect with roughly
10 m between each. From the litter traps, A. posticalis frass and LAI averages were sampled
for a period of four months. The temporal scope of the project covered the months of April,
May, June, and July of 2021. LAI measurements included, with the exception of April,
which had one day of sampling, three collection dates throughout the study period. Frass
observations spanned May through July with three measurements per month, with the
exception of July, which had two. “Frass” refers loosely to the relatively solid excreta of
insects and to certain other related matter and applies to excreted residues of anything that
insects have eaten and similarly to other chewed or mined refuse that insects leave behind.
This term is commonly used in the entomological literature, and in this study, it represents
observed A. posticalis activity [11]. Frass deposits were collected (g/m2) within the litter
traps and extrapolated using the volume of the traps to quantify activity throughout the
plot. This provided one value per plot per collection date. These values correspond to
the time frame and spatial resolution of LAI collection data. LAI is measured in leaf area
per ground area (m2 m−2) but due to the shortening of the units is a unitless measure [12].
Terrestrial observations of LAI were measured using the app “VitiCanopy” (University of
Adelaide), which calculates LAI using gap analysis based on upward-facing imagery input
into the application. All imagery used to measure LAI was taken on a Samsung S7 [13].
LAI measurements were made one meter above the ground adjacent to the litter traps. For
each of the collection dates, 18 measurements were taken at each of the five liter traps, and
their values were averaged to provide a single value per plot (n = 40). LAI values were
calculated directly in the app and stored in the smartphone’s memory. They were then
transferred to the computer for further analysis. Assessment of the relationship between
frass and observed LAI was conducted via linear regression using the function “lm” in
R package (4.3.3). However, the data were found to be non-normal, and a logarithmic
transformation was applied to mitigate this discrepancy. The complete validation data
included 40 averaged LAI values and 35 frass measurements. Each average was calculated
based on six original measurements. Frass values were compared visually and statistically
to observed LAI values to assess their relationship (Table 1).

Table 1. Dataset of observed values used during the course of study, with reference to plot sam-
pling locations presented in the locator map. Bold text indicates equivalent dates for which DSMs
were available.

Data

Observed LAI Frass (g/0.5 m2)

Infested Plots Control Plot Infested Plots Control Plot

103a 104a 104b 236a 103a 104a 104b 236a

24.04.21 0.960 0.847 0.780 0.845 n/a n/a n/a n/a
12.05.21 0.969 1.015 0.764 1.099 0 0.135 0 0.148
24.05.21 0.960 1.042 0.841 0.927 0.826 1.275 0.998 0.442
31.05.21 0.983 0.889 0.856 1.195 4.453 6.542 3.514 0.445
08.06.21 0.977 1.068 0.920 1.197 32.58 51.47 29.38 1.652
15.06.21 0.918 0.793 0.780 1.198 33.27 97.19 46.94 1.833
22.06.21 0.934 0.771 0.701 1.052 5.478 29.057 34.172 2.447
06.07.21 0.973 1.065 0.866 1.385 1.362 7.297 4.139 0.471
13.07.21 0.963 0.980 0.879 1.470 0.732 1.317 1.873 0.735
20.07.21 0.979 1.045 0.941 1.321 n/a 1.35 1.604 0.606
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2.3. Remote Sensing Data

All multispectral imagery was provided by Planet Labs Earth Imaging, a satellite
imaging company based in San Francisco, California (Planet Labs PBC, 2022). The satellite
system used in this study for analysis was the “Super Dove (PSB.SD)”. The Super Dove
consists of a “PSBlue” telescope with a 47-megapixel sensor that was launched in 2017. The
PSB.SD instrument is capable of imaging eight spectral bands, the most important of which
to this study were the blue (465–515 nm), green (547–583 nm), red (650–680 nm), red edge
(697–713 nm), and NIR (845–885 nm) bands of light. Planet Labs offers pixel resolutions up
to 30 cm for some instruments; however, due to the specific temporal window in which
A. posticalis activity can be observed, the study was limited to instruments capable of 1 m
pixel resolution. Products were selected by dates (those which corresponded to dates
of ground data collections) and the quality of the imagery. Suitable images in terms of
quality were those that possessed little to no cloud cover (≥0.1%) and had no visible
image artefacts in or around the area of analysis. In total, 39 images from 2021 were used:
three images from April, three from May, four from June, and three from July, and the
remainder were unsuitable for remote sensing analysis due to lack of ground observation
data and were used as an aid for visual reference. The study aimed for an even spread of
dates from the beginning, middle, and end of the month. However, due to a semi-cloudy
May and an unusually cloudy July, the representation of dates for these months skewed
either to the beginning or end of the desired temporal distribution. The preprocessing
and postprocessing of Planet Labs products was carried out prior to downloading. This
service was performed automatically for all products of the type used in this study. The
coordinate reference system used to project all imagery in the study was WGS 84/UTM
Zone 34N (EPSG: 32634). All imagery was converted on-the-fly by QGIS (3.36.1) software
to the Polish State Coordinate System PL-1992 (EPSG: 2180).

2.4. Vegetative Indices Selection

Vegetative indices (VI) were the fundamental tool by which this study connected
patterns seen in terrestrial observation to patterns indirectly observed via remote sensing
methods. Four vegetation indices were compared and used in the study: the normalized
difference vegetative index (NDVI), enhanced vegetative index (EVI), modified soil adjusted
vegetative index (MSAVI2), and green normalized difference vegetative index (GNDVI).
All four add texture or enhance the greenness of vegetation based on varying principles;
leveraging these differences, the indices were compared in order to select the best basis for
LAI modeling [14,15]. All indices were applied using QGIS’s SCP “bandmath” tool [16].
No corrections were applied to the output rasters.

p = 1 − 6∑ d2
i

n(n2 − 1)
(1)

The performance of vegetative indices was assessed using a Spearman’s rank corre-
lation coefficient test (1) [17], where p is Spearman’s rank correlation coefficient, di is the
difference between the two ranks of each observations, and n is the number of observations.
Values were compared based on the significance of the correlation to the observed LAI
trends and the resulting rho value (Increased rho value indicates higher level of correla-
tion) [18]. Though vegetative index values do not directly represent LAI values, they do
offer an indication of how closely any model will predict observed values.

2.5. Canopy Segmentation

Within the context of this study, canopy segmentation represented a means of increas-
ing sampling accuracy by limiting the sampling extent to the crowns of trees located in
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sampling plots. All segmentations were generated in R package (4.3.3) using the lidR library.
DTMs (digital terrain models) were generated using LAS (LiDAR—light detection and
ranging) data supplied by the Polish Head Office of Geodesy and Cartography. All LAS
files used for DTM creation were originally captured in 2011 and were clipped to match the
extent of the area of interest. The DSMs (digital surface models) used in this study were
captured via drone imaging (DJI Mavic 2 Pro, Shenzhen, China). The ground control points
were located in the area of interest and measured by the GNSS receiver connected to the Pol-
ish network of reference stations (ASG-EUPOS). The horizontal accuracy of measurements
did not exceed ±0.03 m [19]. The results of the measurements were used for generating the
final orthomosaic and DSM model using Agisoft Metashape (Agisoft LLC, St. Petersburg,
Russia). The estimated total control point accuracy was around ±0.05 m. Since the DSM
component represents the actual current structure of the forest, it was important that the
point clouds were captured concurrently with the dates of terrestrial collections, and thus,
we limited the number of canopy segmentations to those dates. The data used for DSM
generation were obtained on four dates in 2021 (Table 1).

2.6. Modeling LAI

Using multispectral imagery, the vegetative indices NDVI, EVI, MSAVI2, and GNDVI
were calculated within QGIS (QGIS.org). Random sampling points were generated over
the bounding area of the vegetative index rasters and then clipped using the canopy
segmentation extent, which created 1137 sampling points. Vegetative index digital number
values were sampled, averaged, and then compared to ground observation values via
regression. Three models were assessed for their ability to predict LAI from NDVI data (2,
3, and 4). Two of the models calculated LAI through correlation with NDVI, and the third
was a parameterized model derived from Beer’s law [20]. Model 1 was based on a study
conducted in Japanese pine forests [21], model 2 was based on a study in the semi-arid
grasslands of central Mongolia [22], and model 3 was derived from a study involving
wheat LAI monitoring in Eastern China [23]. The coefficients used in models 1 and 2 were
adapted from starting parameter estimates found when fitting model 3.

Model 1 : LAI = −0.0964 + 1.722 × INDVI (2)

Model 2 : LAI = 1.53 ∗ exp(3.27 × INDVI) (3)

Model 3 : LAI =
−ln(a1 × INDVI + b1)

(a2 × INDVI + b2)
(4)

Models 1 and 2 were fitted using linear regression post-logarithmic transformation
where a1, a2, b1, and b2 are parameters, and I represents vegetative indices. Model 3 was
fitted using a non-linear least squares method. Model 3 was weighted based on number of
observations per plot and treatment (infested/control). Final model selection was based on
the adjusted coefficient of determination (R2), root mean square error (RMSE), and mean
absolute error (MAE). Pearson residual plots were additionally generated to assess the
quality of the selected modeling results. The output of the selected model was then tested
for normality, and the observed LAI and predicted LAI results were compared using linear
regression at the plot level. Linear regression and non-linear least-squares were calculated
with the R packages “lm” and “nls”, respectively (Figure 2).
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3. Results
3.1. Ground Data

Mean LAI values for individual plots (104a = 0.951, 104b = 0.833, and 103a = 0.962) dif-
fered only slightly between infested plots, while the control plot (no defoliation disturbance
activity) 236a displayed the highest mean of 1.169 (Table 2).

Table 2. Summary statistics of observed frass (g/0.5m2), observed LAI at plots, modeled LAI at plots,
and digital number value (DNV) for indexes: NDVI, GNDVI, EVI, and MSAVI2. Bold text presence
represents an aid for comparing summary statistics of observed and modeled LAI values at the stand
(total) level. N indicates sample size. Mean indicates mean values for said variable. St.Dev indicates
standard deviation. Min indicates minimum value, 25%—Q indicates the 25th quartile, and 75%—Q
indicates the 75th quartile. Max indicates variable max value.

Variable Plot N Mean St.Dev Min Q1 Q3 Max

Observed Frass
(g/0.5 m2) All Plots 35 12.4 21.6 0 0.7 7.3 97.2

Observed LAI

104a 10 0.951 0.11 0.771 0.847 1.045 1.068
104b 10 0.833 0.071 0.701 0.78 0.879 0.941
103a 10 0.962 0.02 0.918 0.96 0.977 0.983
236a 10 1.169 0.186 0.845 1.052 1.321 1.47

All Plots 40 0.968 0.165 0.701 0.847 1.045 1.47

M3 Modeled LAI

104a 390 1.043 0.155 0.724 0.916 1.159 1.482
104b 264 0.843 0.092 0.607 0.81 0.909 1.044
103a 228 1.276 0.162 0.914 1.184 1.404 1.736
236a 255 1.248 0.176 0.907 1.133 1.396 1.688

All Plots 1137 1.005 0.169 0.8 0.884 1.044 1.47

Pixel DNV

NDVI 1137 0.726 0.065 0.589 0.664 0.77 0.809
GNDVI 1137 2521.71 269.021 1993.06 2348.59 2749.32 2896.86

EVI 1137 4.505 0.261 3.992 4.284 4.765 4.848
MAVI2 1137 31.763 55.06 74.032 12.382 44.5 80.128

A stark pattern of decreasing LAI with increasing frass values was observed with
each infested plot and date throughout the typical temporal range of insect activity
(Figures 3 and 4). The relationship was found to be significant (p = 0.0003, Table 3).



Forests 2025, 16, 472 8 of 20

Forests 2025, 16, x FOR PEER REVIEW  8  of  21 
 

 

Observed Frass 

(g/0.5 m2) 
All Plots  35  12.4  21.6  0  0.7  7.3  97.2 

Observed LAI 

104a  10  0.951  0.11  0.771  0.847  1.045  1.068 

104b  10  0.833  0.071  0.701  0.78  0.879  0.941 

103a  10  0.962  0.02  0.918  0.96  0.977  0.983 

236a  10  1.169  0.186  0.845  1.052  1.321  1.47 

All Plots  40  0.968  0.165  0.701  0.847  1.045  1.47 

M3 Modeled LAI 

104a  390  1.043  0.155  0.724  0.916  1.159  1.482 

104b  264  0.843  0.092  0.607  0.81  0.909  1.044 

103a  228  1.276  0.162  0.914  1.184  1.404  1.736 

236a  255  1.248  0.176  0.907  1.133  1.396  1.688 

All Plots  1137  1.005  0.169  0.8  0.884  1.044  1.47 

Pixel DNV 

NDVI  1137  0.726  0.065  0.589  0.664  0.77  0.809 

GNDVI  1137  2521.71  269.021  1993.06  2348.59  2749.32  2896.86 

EVI  1137  4.505  0.261  3.992  4.284  4.765  4.848 

MAVI2  1137  31.763  55.06  74.032  12.382  44.5  80.128 

A stark pattern of decreasing LAI with  increasing  frass values was observed with 

each infested plot and date throughout the typical temporal range of insect activity (Fig-

ures 3 and 4). The relationship was found to be significant (p = 0.0003, Table 3). 

 

Figure 3. Histogram of log-transformed observed LAI values. 

Table 3. Results of the regression analyses presented in this study. The regression column indicates 

the variables and models used in the analysis. The estimates column indicates the model’s starting 

value estimates. The standard error column (SE) indicates the calculated standard error. The tvalue 

column  indicates  the  t-value score of  the given model. The p-value column  indicates  the p-value 

score of the model, and asterisks indicate the level of significance of p (p ≤ 0.05 *, p ≤ 0.001 ***). 

Regressions  Estimate  SE  t-Value  p-Value 

LAI~Frass (g/0.5 m2)  −0.052  0.013  −3.873  0.000303 *** 

M1~Observed LAI  0.730  0.029  25.62  <2 × 1016 *** 

M2~Observed LAI  0.791  0.029  27.19  <2 × 1016 *** 

Predicted LAI (236a)~Observed LAI  1.213  0.008  161.36  <2 × 1016 *** 

Predicted LAI (104b)~Observed LAI  1.260  0.098  12.93  0.0128 * 

Figure 3. Histogram of log-transformed observed LAI values.

Forests 2025, 16, x FOR PEER REVIEW  9  of  21 
 

 

 

Figure 4. Observed LAI distributions by plot and date (A) and observed frass (g/0.5m2) distributions 

by plot and date (B). 

Canopy segmentation was performed for each date with the available drone imagery 

from which a DSM could be constructed  (Table 1 and Figure 5). The accuracy of exact 

crown delineation varied based on the relatively divergent conditions of the plots. How-

ever, centroids, which were placed in the “cells” and checked visually for accuracy against 

orthophotos, were highly successful  in terms of  landing on some section of crown and 

required no removal of points placed over gaps. 

 

Figure 5. Example images displaying canopy segmentations at all plots for the date 15 June 2021. 

3.2. Vegetative Indices Results 

Due to the theoretical design of the vegetative indices, the sampled pixel values var-

ied greatly (Table 2); however, once sampled, they displayed relatively similar patterns of 

association (Figure 6). 

Figure 4. Observed LAI distributions by plot and date (A) and observed frass (g/0.5m2) distributions
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Canopy segmentation was performed for each date with the available drone imagery
from which a DSM could be constructed (Table 1 and Figure 5). The accuracy of exact crown
delineation varied based on the relatively divergent conditions of the plots. However,
centroids, which were placed in the “cells” and checked visually for accuracy against
orthophotos, were highly successful in terms of landing on some section of crown and
required no removal of points placed over gaps.
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Table 3. Results of the regression analyses presented in this study. The regression column indicates
the variables and models used in the analysis. The estimates column indicates the model’s starting
value estimates. The standard error column (SE) indicates the calculated standard error. The tvalue
column indicates the t-value score of the given model. The p-value column indicates the p-value score
of the model, and asterisks indicate the level of significance of p (p ≤ 0.05 *, p ≤ 0.001 ***).

Regressions Estimate SE t-Value p-Value

LAI~Frass (g/0.5 m2) −0.052 0.013 −3.873 0.000303 ***
M1~Observed LAI 0.730 0.029 25.62 <2 × 1016 ***
M2~Observed LAI 0.791 0.029 27.19 <2 × 1016 ***

Predicted LAI
(236a)~Observed LAI 1.213 0.008 161.36 <2 × 1016 ***

Predicted LAI
(104b)~Observed LAI 1.260 0.098 12.93 0.0128 *
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3.2. Vegetative Indices Results

Due to the theoretical design of the vegetative indices, the sampled pixel values varied
greatly (Table 2); however, once sampled, they displayed relatively similar patterns of
association (Figure 6).
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Figure 6. Example images displaying vegetative indices (from left to right) NDVI, GNDVI, EVI, and
MSAVI2 at all plots for the date 15 June 2021.

While it is often reported that NDVI suffers from oversaturation, especially in forested
areas [24], this issue was not observed in any of the VI-transformed imagery. This is most
likely due to the forest structure present in central Poland and the semi-aridness of the
environment in comparison to regions at higher latitudes. NDVI and EVI distributions,
when separated by plot, displayed similarities in the behavior of each area over time,
while GNDVI and MSAVI2 were more similar to each other. Both EVI and NDVI immedi-
ately displayed clear differences between plots that GNDVI and MSAVI2 were unable to
differentiate (Figure 7).
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Figure 7. Compound plot displaying VI total pixel DN (digital number) value distribution vs.
observed LAI. (Upper) From left to right: (A) NDVI and (B) GNDVI. (Lower) From left to right:
(C) EVI and (D) MSAVI2. Rho values, as a result of the Spearman’s rank correlation between VI and
observed LAI, are displayed for all plots.

The results of the Spearman’s rank correlation analysis showed significant correlation
(all p-values < 0.01) between all VIs and observed LAI; however, the correlation coefficient
(rho) showed a much stronger relationship between NDVI and LAI than the other indices
(Table 4). As a result of the correlation analysis, NDVI was selected as the basis on which to
model LAI.

Table 4. Spearman’s rank correlation test results. All VIs were compared against observed LAI values.
Correlation results (rho) from bottom to top: NDVI, GNDVI, EVI, and MSAVI2. Asterisks (**) indicate
statistically significant rho values.

Correlation rho

NDVI~Observed LAI 0.612 **
GNDVI~Observed LAI 0.374 **

EVI~Observed LAI 0.536 **
MSAVI2~Observed LAI 0.205 **

3.3. LAI Modeling

As described in the Methods Section, three models were assessed for their ability to
predict LAI from NDVI digital number (DN) values (Figure 8).
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Figure 8. (A) Model 1 LAI predictions vs. observed LAI values. (B) Model 2 LAI predictions vs.
observed LAI values. (C) Model 1 LAI predictions vs. observed LAI values. Including: Model fitted,
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Results of the various regression analyses (Table 5) revealed significant results in all
cases. Pearson’s residual plots were generated for each of the three models (Figure 9).

Table 5. Results of the nonlinear least squares analyses. The parameter column indicates the specific
modeling parameter. The estimates column indicates the model’s starting value estimates. The
standard error (SE) column describes calculated standard error values for the model. The t-value
column indicates the t-value score for the given model. The p-value column indicates the p-value
score of the model, and asterisks indicate the level of significance of p (p ≤ 0.001 ***).

Parameter Estimate SE t-Value p-Value

a1 −4.247 0.229 −18.54 <2 × 1016 ***
a2 3.747 0.177 21.19 <2 × 1016 ***
b1 4.435 0.185 23.93 <2 × 1016 ***
b2 −3.031 0.143 −21.19 <2 × 1016 ***
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Figure 9. (A) Pearson’s residual plot displaying model 1 residuals plotted against fitted LAI. (B) Pear-
son’s residual plot displaying model 2 residuals plotted against fitted LAI 1 (C) Pearson’s residual
plot displaying model 3 residuals plotted against fitted LAI.

Plots for M1 and M2 displayed similar results with tight grouping around zero and
semi-cone shaped distributions characteristic of heteroscedastic data. Model 3’s residual
plot displayed a larger spread of values above and below the zero line than the other plots;
however, it displayed grouping to the left of the plot due to several outliers.
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Goodness-of-fit measures were used to determine the efficacy of the models (Table 6).

Table 6. Goodness of fit results for models 1, 2, and 3. Displaying from left to right: Model number,
degrees of freedom (n − 1), Akaike information criterion, adjusted R2, root mean square error (LAI
value), and mean absolute error (LAI value).

Models df AIC R2 RMSE MAE

M1 1135 −1045.528 0.3658 0.152 0.112
M2 1135 −1097.196 0.39397 0.148 0.111
M3 1133 −1942.804 0.74 0.098 0.069

The measures used were adjusted R2, root mean squared error (RMSE), mean absolute
error (MAE), and the Akaike information criterion (AIC). Despite the significance of the
presented p-values, adjusted R2 displayed weak signals for models 1 and 2, with values of
0.366 and 0.403 respectively, and a stronger value of 0.754 for M3. RMSE and MAE values
indicated M3 predictions were subjected to less error than M1 and M2 results (Table 6). AIC
values for models 1, 2, and 3 indicated M3 was the best performing model. All goodness-
of-fit results found M3 predictions were the most robust of the models assessed. Model 3
mean LAI values for individual plots can be found in Table 2. Generally, the mean values
are close to that of the observation dataset; however, they do not exhibit the same dynamic
between plots.

An additional regression analysis was performed comparing observed LAI and M3
predicted LAI results to evaluate the ability of the modeled results to assess LAI at the
plot level. Results of this further regression indicated a significant relationship between
the individual plots and observed LAI for plots 104b and 236a (Table 3). This additional
investigation indicated a more complicated relationship between the modeled results,
observed LAI, and the RS imagery than initially anticipated and is explored further in the
following sections.

4. Discussion
4.1. The Relationship Between Acantholyda posticalis and Ground Observation Data

Results of the analysis performed on the ground-observed data were in line with
observations from the literature in regard to the relationship between defoliator disturbance
impact and LAI values [25,26]. As mentioned in previous sections, there should be an
observable negative relationship between insect defoliation disturbance and forest LAI
values; however, despite the large number of studies researching forest damage by insect
pests, no studies were found in the literature that investigated this relationship using
remote sensing methods for A. posticalis. Frass collection is an effective way to measure
the level of activity of A. posticalis during peak disturbance, as their characteristic web-
spinning and feeding activity create a large amount of visible detritus, which can be
collected and estimated across a plot. Though a relatively rough measure, it could be
theoretically calculated down to the individual insect in terms of frass generation in future
study. Thus, frass can serve as proxy for a wide range of estimations including but not
limited to population density, breeding success, and level of impact. Within the scope of
this study, frass measures were used as a proxy for level of activity of A. posticalis. Therefore,
according to the literature, results should show a negative relationship between frass levels
and LAI values. The study results of the linear regression analysis between frass and LAI
indicated a significant negative relationship (p-value = 0.0003); this was further confirmed
in the distribution plotting (Figure 4). As such, LAI was used as an indicator of A. posticalis
activity, with lower LAI values indicating greater insect activity and vice versa.
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In plotting observed LAI distribution by date and plot, a clear pattern was observed
for each of the two plot conditions (control and infested), as seen in Figure 4. The control
plot represented a typical LAI curve for Pinus sylvestris in the growing season, with values
steadily increasing through April and May and peaking around the end of July into August.
Dips in this cycle can be attributed in large part to various other environmental factors,
such as drought and storm activity. Infested plots, however, demonstrated a pattern of
delayed growth indicative of forest stands affected by defoliation disturbance. The pattern
is characterized by a similar initial growth period to that of the control plot followed by
a flattening of or even reduction in LAI during peak insect feeding. After the insects
descend to the forest floor and begin the overwintering process, in late June into July, a
period of immediate regrowth can be observed. This pattern was described in de Beurs and
Townsend [27] and matches the results observed in this study regarding LAI distribution.

4.2. Influence of Ground Cover on Canopy Analysis in Remote Sensing

Understanding the role ground cover plays in any remote sensing study involving
forest systems is crucial. If the focus of the research is on the canopy, ground cover will
be a vector of error, which must be addressed in the scope of the study. In the case of this
research, the canopy segmentation was designed to mitigate the influence of understory VI
values being sampled partially. One clue to the inconsistencies in the VI distributions could
be the stark differences that can be observed when comparing the state of the canopies
immediately surrounding the sampling area to the sampling area itself (Figure 5). As was
the case with the VI analysis, the canopies of plots 103a and 104a displayed similarities
that set them apart from the other two plots. The understory also displayed the same
characteristics around the segmentation. In both 103a and 104b, the understories were
far denser and greener than that of the other two plots (especially 104b). In the case
of 236a, the canopy had a substantially higher percentage of cover than the other plots
and, correspondingly, a less developed understory. Plot 104b, which demonstrated the
lowest values in both observed and VI-derived data, had the sparsest coverage in both
the canopy and the understory. The vegetation characteristics of plots 103a and 104b
(both a sparse canopy and a thriving understory) were likely to introduce error into the
remote sensing analyses, as vegetative indices often give much higher values of “greenness”
than those of coniferous tree species [28]. The developing photosynthetic material of a
vigorous herbaceous understory species, which has a high degree of leaf coverage in the
growing season, is more likely to reflect greater levels of NIR light than that of the much
sparser needle coverage of Pinus sylvestris trees, especially those in the midst of an insect
defoliation event.

A further point in the consideration of error lays in the method of organizing data or
the scale at which analysis is occurring. Developing a method compatible with practical
application in forestry most likely necessitates monitoring at the stand level. Since the as-
sumption is that managers would not know if or where defoliation disturbance is occurring,
a full-stand RS survey would be the primary indicator if there is any such activity. Within
the study’s dataset, observed LAI is organized individually for each plot by date. These
assessments, however, were analyzed via Spearman’s correlation analysis at the stand level
(all plots). While the organization of the analysis more closely matches the orientation
of the overall study’s goal, it may cause loss of information when comparing dynamics
amongst the various plots.

4.3. Study Limitations

Accurate remotely sensed LAI measurement has long been a goal of researchers
involved in disciplines related to forest and forest-adjacent research. Most LAI estimates
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for systems like MODIS and Sentinel-2 have globe-spanning maps of LAI, sometimes going
back nearly a decade (in the case of Copernicus data). However, spatial resolutions are
at best 300 m (LAI300), and the values are often found to be more internally consistent
than that of ground-observed LAI values [25]. The limitations evident in these established
systems limit their practical application in the field, especially for studying localized insect
defoliation disturbance. While this study’s attempt to improve upon LAI estimates using
VI-augmented satellite imagery saw encouraging results, several deficiencies persisted as a
part of the analysis.

The ground observation sample size used in the validation of the models presented
in this study is one issue that must be acknowledged. In the case of LAI measurements,
regardless of whether the values were averaged, the sample would still represent a relatively
low level of replication, which makes observations at the individual tree level difficult.
This most likely accounts for the model distribution and average performance compared to
studies that make use of similar modeling designs [10,29]. The effects of this persistent issue
limit the generalization of the models and the methods employed in this study. Follow-
up analysis with larger ground observation datasets to confirm the trends presented is
needed. The benefit of the presented research is that it represents a cost-effective solution
to RS-based FIPD monitoring. High-resolution imagery is expensive and limited in terms
of geographic scale, whereas large ground observation datasets, which allow for lower
spatial resolution imagery and the implementation of machine learning algorithms, are
also prohibitively expensive, especially in the context of smaller organizations. Other
studies have indicated machine learning algorithms offer much better performance than
the algorithm described in this research; however, as hinted at earlier, these algorithms
require large ground observation datasets to be validly implemented [9,10].

4.4. Model Construction and Fitting

Model 3 was derived from work conducted by Tan et al. [23] and was based around
integrating concepts of NDVI with the Beer–Lambert law. Beer’s law, which states light
absorbance is proportional to its direction and length of travel through a sample, depending
on concentration or in this case density. This is applicable to predicting LAI, as it applies
to an extinction coefficient (K) and the light energy ratio (I/I0). I/I0 represents the light
intensity both above and below the canopy, essentially representing light absorbed in
transmission through the overstory. K, the extinction coefficient, represents a non-real value
of light absorbed through a material. This is represented mathematically according to the
formulas which were originally published by Tan et al. [23]:

I/I0 = a1 × NDVI + b1 (5)

K = a2 × NDVI + b2 (6)

LAI = −ln
(

I
I0

)
× 1

K
(7)

where a1, a2, b1, and b2 are unknown parameters partially determined by LOV values; I/I0
is the light energy ratio; and K is the extinction coefficient. In the original research con-
ducted by Tan et al. [23] the parameters, as seen in the above equations, were representative
of leaf orientation value (LOV) at different K and I/I0 cutoffs. In adapting this formula to
the analysis presented in this study, these parameters were taken as unknown values to
be estimated using a nonlinear least squares method (NLS). In implementing this method,
these values were estimated algorithmically to produce the least possible sum of squares
error (residual sum of squares). In this way, LOV was simultaneously backwards-estimated
through K and I/I0 to the best ability of the model. Model 3 parameter estimates (Table 5),
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based on assessments from de Wit [30], indicate an LOV of a species with spherically orien-
tated leaves, of which P. sylvestris is a member. Models 1 and 2 assume constant K values,
a common solution for the few NDVI to LAI models found [9], which is most likely why
they failed to perform as well alongside a model that has parameterized these estimates.

The distribution of the modeled results (model 3) seen at the plot level were improved
in comparison to raw VI trends but further indicated a lack of capturing all observed
nuance. However, when observed at the stand level, the results improved substantially,
with a far tighter distribution, reporting at an adj. R2 value of 0.75. The results seen at the
stand level are about average in terms of agreement with the results reported in many of
the studies attempting to model LAI from VI-adjusted imagery, and these are an indication
of the model’s success [10].

This discrepancy between scales, however, is one that is particular to the nature of the
study’s research objective. All conventional means of modeling LAI from such imagery
do so at coarser geographic scales and usually in agricultural settings. Among these few
studies, there is not a single one that has tracked defoliation-induced disturbance. While
the primary goal of this study is to develop means of detecting damage caused by FIPD, a
secondary goal is assessing the adequacy of modeling LAI for this purpose. This goal can be
further synthesized as follows: if LAI can be modeled from vegetative indices successfully,
at what scale and how fine is the resolution of the results? The body of research presented
in this study indicates success at the stand level, but at the plot level, the story is not
as concise. The dataset utilized in this study was built around plots that assessed LAI
during a cycle of A. posticalis disturbance, with an additional control plot for referencing
healthy stand values. Due to the limitation of observed LAI values, there is relatively low
data replication, which lends itself to skewing. Moreover, without the addition of more
observations from other similar control plots, there would be no way to adjust to a more
evenly distributed dataset without some form of further data transformation. Weights were
applied to model 3, which slightly improved overall distribution. This is not an uncommon
issue among other studies found in the literature [25,29], as ground-observed LAI datasets
are time-consuming to measure manually, and open-data sources are near non-existent.

Ultimately, increasing the number of observations of both infested and control con-
ditions would largely mitigate the issues of outlying data points. However, one available
solution to the outliers found in the dataset would be to conduct model fitting individually
at the plot level. This would partially alleviate skewing by comparing values on a more
normal scale. However, as discussed in the vegetative indices section above, this solution
is at odds with the aim of the study. Additionally, such a reorganization would impede on
the robustness with which the model estimates variety in LAI values and would severely
limit sample size. Therefore, the study further analyzed observations at the plot level after
model fitting.

Additional analysis conducted at the plot level using plots 104b and 236a further
demonstrated the robustness of model 3’s predictions. As described in the results section,
the regression analysis performed on both separated plots returned significant findings
(104b p-value = 0.0128; 236a p-value < 2 × 1016). These results suggest that model 3 shows
an ability to predict LAI given specific conditions of the stand. Additionally, these results
coincide with the findings discussed in the above vegetative indices section regarding plot
condition. The same patterns that were found between plots were continually present in
the modeling data and likely the cause of the discrepancies in the model distribution. The
error introduced by sampling pixels that partially overlay the understory is due to the
spatial resolution of the source imagery.
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4.5. Impacts of Resolution

Many studies, such as those presented in Mngadi et al. [10], either make use of
higher-resolution multispectral imagery (and often at equally small geographic scale) or
lower-resolution imagery, such as Sentinel-2 or Landsat, at a larger geographic scale with
larger ground observation datasets. This study did not have the benefit of higher-resolution
imagery or a large ground observation dataset; however, it does represent a more cost-
effective solution to RS-based FIPD monitoring.

Results from the findings of the VI and LAI modeling analysis indicate that 1 m spatial
resolution may be insufficient to effectively detect A. posticalis defoliation. At 1 m spatial
resolution, many of the pixels in the source imagery used in this study partially cover
forest canopy and the understory layer. Since pixels themselves are averages of DN values
sampled by the sensor at the maximum extent of resolution, a high degree of understory
coverage would have a proportionate impact on its value. Regardless of where the canopy-
segmented sampling points lie, spatial resolutions seen from the source imagery would
not allow for mitigation of error from the understory. This is demonstrated by Figure 10,
which compares several commonly seen levels of resolution, including that of Sentinel-2
(Figure 10).
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UAV-based multispectral sensor systems, as discussed previously, promise a far higher
degree of spatial resolution. While UAV systems are limited geographically, they could be
easily applied to small-scale analysis methods similar to the ones employed in this study.
At such resolutions, issues with understory sampling would be mitigated, and it could
even allow for sensing and detection of physical manifestations of A. posticalis, such as
web spinning. Furthermore, the application of such platforms, if not already in use, are
increasingly available for forest managers in many parts of the world, a trend that is likely
to continue.

Ultimately, the results found in the course of analysis indicate deficiencies in estab-
lishing clear patterns of defoliation damage as a result of A. posticalis disturbance; the
chief cause of which is a lack of spatial resolution. This finding, however, is a technical
manifestation of error, and while modeled LAI was inconsistent at this level, the inability
to predict insect disturbance was not universal. Plots 104a, 104b, 103a, and 236a were
relatively distinct from each other and representative of several scenarios of understory
and overstory structure. In this regard, a scale of difficulty can be superimposed on the



Forests 2025, 16, 472 17 of 20

modeled LAI results, upon which confidence in outputs can be assessed. In practice, plot
104b would be assessed as having sparse canopy coverage and minimum understory with
likely poor soil quality. On the proposed scale, 104b would rank lower than that of 103a,
with 103a being considered a difficult-to-measure plot with its sparse canopy coverage
and a thriving understory. Once ranked, appropriate weights could be applied to each
that would affect confidence in the assessment at this scale and indicate where overestima-
tion is likely. These approaches represent valid means by which the limitations of spatial
resolution can be overcome.

4.6. Remote Sensing Difficulties

Many studies that investigate RS-based methods of detection or estimation often
report claims of statistically significant models that predict their aims with a modestly high
degree of success [31–39]. However, in some cases, it is evident on closer inspection that
these studies have made an incorrect statistical assumption or have modeled RS data based
on products originally derived from RS sources in order to describe an observed terrestrial
phenomena, etc. It is not the authors’ opinion that this describes even a modest portion of
the available body of research or that these types of errors were made in bad faith but that
the promise of using this technology is alluring.

The use of remote sensing for biotic disturbance mapping promises a faster, cheaper,
and easier result. Accuracy, however, is a promise that comes with many qualifications [40].
Strict procedures and a disciplined approach to sample design, image processing, statistical
operations, model fitting, and interpretation (to name a few) are vital to ensuring any
degree of accuracy, and all the while, the results found are only as good as the terrestrial
observation dataset they are based upon. Even if these criteria are fulfilled, it is still unlikely
to find any meaningful signal that demonstrates the success of a given method. That said,
in the case of such studies, something was most likely accurately observed, but it may have
not been what was originally intended or otherwise wanted by the researchers involved.

RS is not a panacea to the difficulties in describing these dynamic and subtle natural
occurrences. All things considered, its use presents a much more challenging prospect than
is generally assumed. This study, for one or more of the reasons discussed, most likely
did not observe significantly representative modeled LAI values indicating the presence of
defoliation disturbance such as that caused by A. posticalis.

4.7. LAI Modeling Confidence

Although the analysis was unable to detect damage caused by A. posticalis disturbance,
model 3 (Beer–Lambert model) demonstrated a reasonable ability to estimate LAI from
vegetative indices. As with the issues discussed regarding resolution, modeling of LAI was
found to be fairly robust at the stand level but failed to capture the much finer patterns
seen at the plot level. One consideration is that the dataset employed in this study was
not designed around creating a representative sample of normal LAI values but instead
describes values of a stand undergoing defoliation disturbance. What the results of the
analysis do indicate is that the model may actually predict normal (“healthy stand”) LAI
distributions with a more reasonable degree of accuracy.

A “healthy stand”, as seen in plot 236a, with a mostly closed canopy represents a
good candidate for the application of the Beer’s law model. Unlike that of plot 103a, the
control plot mostly guarantees sampling of the canopy and demonstrates a significantly
closer fit with observed values (Table 2). However, any application of the model presented
must be assessed alongside the interplay with the dynamics of stand condition and spatial
resolution, as these all play a role in the final distributions seen. In summation, while the
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model is deemed effective at predicting observed LAI, it has serious shortcomings in its
application to A. posticalis-driven insect defoliation mapping at a 1 m spatial resolution.

4.8. Adaptation for Forest Management

To adapt a similar method to management practices, regardless of the model of LAI
used or the type of vegetative index employed, the workflow would need to satisfy four
specific requirements:

1. High-resolution multispectral imagery ≤ 0.5 m along with LiDAR point cloud data
(though not presented in this study, a modified workflow that only uses LiDAR
sensors could also be utilized);

2. Employment of vegetative indices as a means of augmenting imagery to display
underlaying biological responses;

3. Development of a canopy segmentation that is capable of defining and labeling all
unique individual crowns;

4. Implementation of a model that accurately predicts LAI from sampled VI values that
can later be used as the basis for constructing disturbance mapping.

Evidence from this study suggests that such a workflow would likely produce accurate
mapping at higher spatial resolutions and potentially could be adapted to monitor other
insect defoliation disturbance species. Furthermore, if all four criteria are met and the if
model in question has been sufficiently validated for the region, implementation of such a
workflow could be exceedingly fast. Imagery would likely be captured via some form of
UAV platform by which stand-wide sampling could be conducted in a matter of days.

4.9. Future Studies

Future studies looking to improve RS-based insect defoliation detection should concen-
trate primarily on aerial laser scanners (ALS) and drone-imaging systems, as they provide
significantly higher spatial resolutions and are appropriate for the required geographic
scale. This increased spatial resolution opens up a suite of novel analysis techniques that
were precluded by the scope of this study. Statistical approaches to modeling LAI should
investigate the application of mixed-effect models, which better allow for assessing effects
from categorical variables such as plot and treatment. Additionally, machine-learning
and CNN (convolutional neural networks) techniques will likely play an important role
in future research on this subject [26]. High-resolution VI and LAI sampling present the
possibility of large datasets, for which the application of ML and CNN techniques are
uniquely suited, especially considering larger geographic areas than that studied herein.

5. Conclusions
• LAI, as a qualitative measure, is significantly correlated with A. posticalis defoliation

disturbance in the context of a managed P. sylvestris stand;
• LAI can be modeled from vegetative index values in a way that is significantly similar

to ground-observed LAI values;
• High spatial resolution (≤50 cm) is absolutely required to investigate insect defoliation

disturbance using remote sensing methods in the context of small time scales and
forestry application.
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