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Abstract: While unmanned aerial vehicle (UAV) remote sensing technology has been successfully
used in crop vegetation pest monitoring, a new approach to forest pest monitoring that can be
replicated still needs to be explored. The aim of this study was to develop a model for identifying
the degree of damage to forest trees caused by Erannis jacobsoni Djak. (EJD). By calculating UAV
multispectral vegetation indices (VIs) and texture features (TF), the features sensitive to the degree of
tree damage were extracted using the successive projections algorithm (SPA) and analysis of variance
(ANOVA), and a one-dimensional convolutional neural network (1D-CNN), random forest (RF),
and support vector machine (SVM) were used to construct damage degree recognition models. The
overall accuracy (OA), Kappa, Macro-Recall (Rmacro), and Macro-F1 score (F1macro) of all models
exceeded 0.8, and the best results were obtained for the 1D-CNN based on the vegetation index
sensitive feature set (OA: 0.8950, Kappa: 0.8666, Rmacro: 0.8859, F1macro: 0.8839), while the SVM
results based on both vegetation indices and texture features exhibited the poorest performance
(OA: 0.8450, Kappa: 0.8082, Rmacro: 0.8415, F1macro: 0.8335). The results for the stand damage level
identified by the models were generally consistent with the field survey results, but the results of
SVMVIs+TF were poor. Overall, the 1D-CNN showed the best recognition performance, followed by
the RF and SVM. Therefore, the results of this study can serve as an important and practical reference
for the accurate and efficient identification of the damage level of forest trees attacked by EJD and for
the scientific management of forest pests.

Keywords: UAV multispectral; Erannis jacobsoni Djak.; victimization level identification; machine
learning; vegetation index; textural features

1. Introduction

Erannis jacobsoni Djak. (Lepidoptera: Geometridae) is a unique forest pest on the
Mongolian plateau with one generation a year; the hatching period is from the beginning
to the end of May, the larval stage (damage period) is from the end of May to the end
of June, the pupal stage is from the beginning of July to the beginning of September, the
fledging period is from the beginning of September to the middle of October, in which
eggs can be laid at the end of the fledging period, and the overwintering period is from
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the outbreak consuming a large number of Larix sibirica Ledeb. (LSL) needles, causing
the death of forest trees and posing a serious threat to the ecosystem of Mongolia [1].
Forest disturbance is a destructive event that disrupts the health of the forest at any point
in time or space and includes the effects of fire, disease, pests, or climate change [2,3].
Rising global temperatures provide more suitable conditions for pests to survive, and high
temperatures also lead to frequent forest fires and a decrease in the ability of forests to
recover, helping pests thrive; thus, the probability of forest pests continues to increase [4–6].
According to the Ministry of Nature and Tourism of Mongolia, Mongolia’s forest area is
approximately 18.6 million hectares, accounting for 11.9% of Mongolia’s land area. Forest
resources are mainly LSL, accounting for approximately 60% or more of the natural forest
area and 80% of the forest reserves [7–10]. Since 1980, approximately 11.52 million hectares
of forests in Mongolia have been infested with insects, the forest cover has been reduced by
0.39%, the total forest area has been degraded by 30%, and 17% of the forests have been
classified as heavily damaged and in danger of dying out. Of these, the Dendrolimus sibiricus
Tschtv. (DST) and the Erannis jacobsoni Djak. (EJD) are the two most significant pests. Since
2010, the larch area affected by EJD has increased from tens of thousands of hectares to
hundreds of thousands of hectares, making it the most damaging larch pest. However,
research in Mongolia has focused on implementing pest control by manually counting
egg numbers during the overwintering period and monitoring single-wood population
densities during infestation outbreaks, which cannot be achieved on a large scale and
is sensitive to weather and topography-related factors. To overcome this problem, it is
necessary to develop an efficient and wide-scale method to accurately monitor the location
of EJD infestation and assess the degree of damage to forest trees; this is necessary for
developing effective scientific measures to control insects and to protect the healthy and
sustainable development of forest ecosystems.

Remote sensing can effectively provide contactless and spatially continuous pest mon-
itoring, providing a new method for ground staff. With the continuous improvement of
sensors and the rapid development of computer technology, a wide range of remote sensing
data are being used for vegetation pest monitoring. Physiological and biochemical changes
in vegetation caused by pest stress provide the physical basis for monitoring pests via
remote sensing [11]. The changes mainly include the following: (1) a reduction in biomass,
which includes the roots, stems, leaves, flowers, and fruits of the forest, and pest attacks
of forest trees, resulting in a reduction in root systems, trunks and forest conifer tissue,
and the biomass of the affected forest trees [12]; (2) vegetation leaf wilting, changes in leaf
structure following pest attacks, reduced transpiration of leaves following massive water
loss, and the inability to reduce leaf heat, allowing leaf tissue to be scorched and resulting
in leaf wilting [13,14]; and (3) damage to the pigment system, damage to chloroplasts or
other organelles, changes in pigment content (e.g., chlorophylls, carotenoids, and antho-
cyanins), and the rapid dissolution of pigments due to high temperatures, resulting in the
discoloration of damaged leaves [15,16]. These changes cause the spectral reflectance of
vegetation on remote sensing images to be different from that of healthy vegetation [17,18],
and these changes become more pronounced with increasing damage. At different damage
levels, the changes exhibit unique characteristics, making it possible to monitor vegetation
health and distinguish between different levels of damage by remote sensing. Yu et al. [19]
used multinomial logistic regression (MLR), the stepwise linear discriminant approach
(SDA), and a random forest (RF) to classify damaged Yunnan pine by WorldView-3 satellite
images and found that the SDA based on all spectral variables had the highest accuracy
(OA: 78.33%, Kappa: 0.712). Harati et al. [20] used 16 years of Landsat data (1999–2014)
combined with elevation, slope, and aspect data to simulate forest cover changes caused by
the mountain pine beetle (MPB) between 2005 and 2014 using generalized linear regression
and random forest algorithms. Although satellite remote sensing can be used to classify
forest tree species and identify forest pests on the image element scale, its accuracy must be
improved due to the low spatial resolution of images and mixed image elements, and the
monitoring of lightly damaged forest trees is especially important. A longer revisit cycle
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makes it easy to miss the best monitoring time, which makes monitoring forest insect pests
on a high timeframe a challenge.

In recent years, the rapid development of UAV remote sensing technology has led to a
rapid increase in the use of UAVs with various sensors for forest health monitoring. With
this approach, more high-spatial-and-temporal-resolution images are obtained at a lower
cost; the technique is less affected by weather [21,22] and can distinguish vegetation from
nonvegetation on the image element scale to achieve high-regional-accuracy monitoring.
Unlike hyperspectral images, multispectral images do not have tens or even hundreds of
continuous and narrow bands to characterize changes in the moisture content of the forest
canopy. Choosing more sensitive features to characterize the extent of forest damage in
a relatively small amount of information is therefore the key to achieving high-accuracy
monitoring. UAV multispectral images in the red band, red-edge band, and near-infrared
band are sensitive to the vegetation health status, and there are significant changes in each
band as the degree of damage increases [23–25]. Meanwhile, vegetation indices and texture
features derived from high-resolution UAV multispectral images are also sensitive to the
health of forest trees, and their combination can effectively detect forest pests and diseases.
For example, Ye et al. [26] used vegetation indices derived from UAV multispectral images
to assess the relationship between vegetation indices and plant health status using a binary
logistic regression method, which showed that the green chlorophyll index, normalized
difference vegetation index, and normalized difference red edge index easily identified
Banana Fusarium wilt. Guo et al. [27] used UAV images to obtain vegetation indices and
texture features, combined them to establish a disease monitoring model for different
infection stages of wheat yellow rust using partial least squares regression, and found
that the vegetation index model had the highest monitoring accuracy (R2 = 0.75) at mid-
infection, texture features obtained the highest R2 at mid- and late-infection (0.65 and
0.82, respectively), and the vegetation index and texture models with a combination of
the vegetation index and texture features had the highest accuracy in all infection periods.
However, different vegetation pests exhibit different characteristics, so the selection of
suitable features to characterize the degree of vegetation damage is crucial for the UAV
remote sensing monitoring of forest trees.

Several algorithms have been developed to classify the damage level of forest trees,
which can be broadly classified into mathematical and statistical algorithms, machine
learning algorithms, and deep learning algorithms. Current common methods include
multiple linear regression (MLR), partial least squares regression (PLSR), random forests
(RF), support vector machines (SVM), K-nearest neighbors (KNN), and convolutional neural
networks (CNN) [28–30]. Among these models, random forests, support vector machines,
and convolutional neural networks showed good results in forest damage classification. For
example, Deng et al. [31] constructed a Region Proposal Network (RPN) and Faster Region
Convolutional Neural Networks (Faster-RCNN), which are deep learning frameworks
for training pine dieback detection models, and the accuracy of the optimized models
can reach approximately 90%; Duarte et al. [32] mapped forest density using RF after the
Otsu thresholding analysis of vegetation indices derived from UAV multispectral images
with good results (OA: 98.5%, Kappa: 0.94), suggesting that the use of Otus thresholding
and random forests could provide appropriate support for forest pest management; Syifa
et al. [33] used artificial neural networks (ANN) and support vector machines (SVM) to
identify pine wilt disease and found that SVM was more accurate than artificial neural
networks in classifying pine wilt stands. However, there is no universal method for
identifying forest pests and diseases, and different methods have been limited to identifying
one or more pests and diseases.

Until now, the remote sensing monitoring of vegetation pests and diseases has mainly
focused on crops; there have been relatively few studies on forests. Crops have a short
growth cycle, which makes it easy to control the occurrence of pests and diseases, making
it possible to perform remote sensing monitoring research of multiple types of pests and
diseases. On the other hand, forest trees have a long growth cycle of decades or more,
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and the occurrence of pests and diseases not controlled in a timely fashion will cause
serious damage to the forest ecosystem. In addition, crop cultivation occurs on mostly flat
terrain and close to urban areas, and it is possible to carry a large amount of test equipment
for a long time to perform high-frequency testing. Forests are located in mountainous
areas far from the city, and it is difficult to carry experimental equipment into forests,
making them difficult to monitor over a long period of time with high frequency. At
the same time, the spatial distribution of crops is neat, which is conducive to the image
element segmentation and control of variables such as pest occurrence time, type, crop
growing season temperature, humidity, and nutrition and is convenient for quantitative
remote sensing research; compared with crops, the spatial distribution of forest trees is
disorganized, and it is difficult to segment image elements and control variables, which is
not conducive to quantitative remote sensing research [11,34]. For all these reasons, forest
pest research takes more time than crop research and has been limited.

In this study, the typical outbreak area of EJD in Binder District, Khentii Province,
Mongolia, was the test area, and UAV multispectral images and real ground measurement
data were the data sources used to construct the UAV multispectral vegetation indices and
texture features for the EJD forest tree damage recognition models. The specific objectives
of the study were as follows: (1) to analyze the spectral changes in the canopy, sensitive
vegetation indices, and texture features of forest trees with different damage levels and
explore the indicators of the damage level of EJD forest trees; (2) to build identification
models of EJD pest severity using a one-dimensional convolutional neural network, a
random forest, and a support vector machine; and (3) to analyze the recognition potential
of the models at different damage levels and to evaluate the overall recognition accuracy
of the models to find the best recognition model in order to realize the recognition of the
damage level of EJD forest trees. This study not only illustrates the application of UAV
multispectral remote sensing for assessing the severity of EJD stands but also provides a
framework for using UAV remote sensing to monitor forest insect pests.

2. Materials and Methods
2.1. Study Sites

The test area is located in the Binder Forest District, Khentii Province, Mongolia
(48◦439′–48◦442′ N, 110◦768′–110◦776′ E), with an average elevation of 1059.34 m, as shown
in Figure 1. The test area has a north temperate, continental climate and a semi-arid
region; the average temperature in June and July is approximately 20 ◦C, and the maximum
temperature exceeds 30 ◦C. The average annual precipitation is 200 to 300 mm [9,35]. The
warm, dry weather and suitable altitude provide convenient conditions for the hatching
of eggs and the growth of larvae. The study area is a natural forest of LSL, with a single
tree species and poor quality. EJD has no natural enemies, meaning that damage to the
trees may occur year-round. The test was conducted in mid-June 2020, a period when there
was a serious outbreak of EJD, and no other insect pests were found in the stands during
the field survey. The forest trees had obvious evidence of damage symptoms, which was
sufficient to meet the needs of this study.

2.2. Data Acquisition
2.2.1. UAV Multispectral Remote Sensing Data

The UAV multispectral data were acquired through the DJI Phantom 4 RTK Multi-
spectral Edition, which was equipped with an all-in-one multispectral imaging system that
integrated one visible (RGB) camera and five multispectral cameras (Table 1). The UAV
flight day was clear and cloudless, and the image acquisition time was from 11:00 a.m.
to 14:00 p.m. A calibration whiteboard was placed on the ground before the flight, and
the sensor reflectivity was calibrated at approximately 5 m from the ground. The UAV
flight path followed the established route with an altitude of 60 m, a heading overlap rate
of 80%, a side overlap rate of 65%, and a camera lens at 90◦ to the ground. The acquired
images were radiometrically calibrated and synthesized by DJI Terra (DJI-Innovations Inc.,
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Shenzhen, China) software, which finally generated a digital orthophoto map (DSM), a
visible image (RGB), and five multispectral images (B, G, R, RE, NIR).
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Table 1. Multispectral camera parameters.

Band Wavelength
Range/nm

Central
Wavelength/nm Bandwidth/nm

Blue band (B) 434–466 450 ±16
Green band (G) 544–576 560 ±16

Red band (R) 634–666 650 ±16
Red-edge band (RE) 714–746 730 ±16

Near-infrared band (NIR) 814–866 840 ±26

2.2.2. Data on the Extent of Damage to Forest Trees

The extent of forest tree damage was determined by the forest canopy appearance
characteristics and canopy leaf loss rate obtained within 5 days before and after the UAV
flight. Three branches were selected in each of the upper, middle, and lower parts of the
forest canopy layer of a single tree, and the numbers of damaged needles and healthy
needles were recorded. Then, the leaf loss rate of the three branches was calculated using
Equation (1), and, finally, the average value of the leaf loss rate was obtained as the canopy
leaf loss rate of the sample trees.

LLRi =
1
n

n

∑
i=1

NHi
NHi + NLi

× 100% (1)

where LLRi is the rate of leaf loss of the i-th sample tree and takes a range of 0%–100%.
NHi is the number of healthy needles of the i-th branch of the sample tree, and NLi is the
number of damaged needles of the i-th branch of the sample tree.

The canopy appearance characteristics were obtained by field surveys, and three or
more researchers confirmed the canopy appearance characteristics of trees with different
degrees of damage in the field. The LLR was 0 to 5% for healthy stands with lush needles
and no exposed branches in the canopy, 5 to 30% for lightly affected stands with lush
needles and a few exposed branches in the canopy, 30 to 70% for moderately affected stands
with sparse needles and a large number of exposed branches in the canopy with yellow
and red colors, and 70 to 100% for heavily affected stands with only a few needles present
in the canopy and all exposed branches in the canopy, with gray colors [9], as shown in
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Table 2. In the end, a total of 840 trees were selected as sample trees, 210 trees for each
damage class.

Table 2. Sample tree damage rating table.

Tree Class
Victim Level Healthy Mild Moderate Severe

Leaf loss rate 0%–5% 6%–30% 31%–70% 71%–100%

Canopy appearance
characteristics

Needles and
leaves are

abundant; no
branches

exposed; green
crown

Needles are
bushier; a few
branches are

bare; canopy is
starting to turn

yellow

Needles are
sparse and a

large number of
branches are

exposed; crown
is yellow and red

Only a few
needles;

branches are
all bare;

canopy is
gray

2.3. Research Methodology

In this study, the degree of forest damage was obtained from ground truth data, and a
sensitivity analysis was performed with UAV multispectral images to extract vegetation
indices and texture features after using SPA to extract sensitive features and build a sen-
sitive feature set. Three methods, 1D-CNN, RF, and SVC, were selected to construct an
identification model of the EJD forest damage level, with the sensitive feature set as the
independent variable and the forest damage level as the dependent variable. The general
research framework is shown in Figure 2.
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2.3.1. UAV Multispectral Image Feature Selection

Irrelevant information in UAV multispectral images can lead to data redundancy.
Principal component analysis (PCA) is a statistical method that regroups the original data
into a new set of several mutually unrelated composite variables and selects one or several
lesser sum variables to reflect as much information of the original variables as possible
according to practical needs [36,37], which can effectively remove redundant data. To
eliminate the influence of surface vegetation and shadows on the final results, the sample
trees were extracted using ENVI 5.3 (Harris Corporation, Jersey City, NJ, USA) for manual
visual interpretation to extract regions of interest (ROIs). In this study, 60 vegetation
indices were selected in ENVI 5.3 to calculate the vegetation indices of sample trees by
referring to the relevant literature, and the mean value was obtained as the value of this
sample tree. The texture feature mainly included the mean, variance, homogeneity, contrast,
dissimilarity, entropy, second moment, and correlation [33]. After the PCA of the images
by ENVI 5.3 software, the 3 × 3, 5 × 5, 7 × 7, and 9 × 9 window size texture eigenvalues
of the largest band of weight were calculated, and the mean value was calculated as the
sample tree value.
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2.3.2. UAV Multispectral Image Sensitive Feature Extraction

The successive projections algorithm (SPA) is a forward feature variable selection
method that selects the combination of variables containing the least redundant infor-
mation and the least covariance. The projection analysis of vectors is used to reduce the
dimensionality of sensitive features and to obtain the sensitive features needed for mod-
eling [38]. In this study, SPA-sensitive feature extraction was performed using MATLAB
2020a (The MathWorks, Inc., Natick, MA, USA) for vegetation indices and texture features.
It starts from a selected feature, calculates the projection on the unselected wavelength in
each cycle, and introduces the feature with the largest projection vector into the feature
combination, finally forming a sensitive feature set.

2.3.3. Forest Tree Damage Recognition Model

A CNN is a deep neural network with a convolutional structure that can effectively
reduce the amount of memory occupied by the deep network. It includes an input layer,
multiple hidden layers, and an output layer, where the hidden layer contains a convolu-
tional layer, a pooling layer, a Rectified linear unit (ReLU) layer, and a fully connected
layer [39,40], as shown in Figure A1. After the data enter the input layer, the original
numbers are processed by deaveraging and normalization. The convolutional and ReLU
layers perform multilevel abstraction of the input features, making the features better for
linear division; the learned features are mapped to the sample-labeled space by the fully
connected layer; finally, the classification results are output by the output layer. In contrast,
the input of a 1D convolutional neural network is a vector and a convolutional kernel,
and the output is also a vector; usually, the input vector length is much larger than the
convolutional kernel length.

RF is a machine learning algorithm derived from decision trees, and it essentially
combines multiple decision trees to improve them, with the generation of each tree relying
on an independently sampled sample set [41]. The basic idea is to randomly select n
samples from the original training set to be used as a new training set by autonomous
sampling, generate a random forest consisting of n classification trees by constructing
classification decision trees, and finally vote on the attribution of new samples based on
the results of each classification tree [42].

The core idea of SVM is to map data to a high-dimensional space and find the optimal
classification hyperplane by minimizing an upper limit on the classification error [43,44].
Classical SVM is used to solve binary classification problems, and by improving SVM
kernel functions, multiclassification problems can be achieved, and radial basis functions
have been shown to outperform other functions in terms of improving model efficiency [45].
There are two important parameters in SVM: the penalty factor (C) and gamma. C is the
tolerance for error. The larger C is, the greater the probability of overfitting; the smaller C
is, the greater the probability of underfitting. Gamma is a self-contained parameter in the
radial basis function (RBF), which determines the distribution of the data after mapping to
the new feature space; the larger the gamma is, the smaller the support vector is, and vice
versa [24,46].

2.3.4. Model Evaluation Metrics

This study was divided into modeling ensemble validation sets in the ratio of 0.75:0.25,
with 640 samples used for model construction and 200 samples used for model evaluation.
The overall accuracy, Kappa, Macro-Recall (Rmacro), and Macro-F1 score (F1macro) were se-
lected as model evaluation metrics. The overall accuracy is the probability that the classified
result is consistent with the test data type for each random sample, as in Equation (2); the
Kappa coefficient is a measure of classification accuracy, and the result is usually between
−1 and 1, but consistency is meaningful when Kappa > 0 (see Equation (3)); the Macro-
Recall (Rmacro) and Macro-F1 score (F1macro) are the extension of the Recall and F1-score in
dichotomy into multicategorical evaluation indices, which add up the evaluation indices of
different categories (Precision/Recall/F1-score) for averaging, giving the same weight to



Forests 2022, 13, 2104 8 of 22

all categories and finally obtaining the Rmacro Formula (4) and F1macro Formula (5); it takes
values between 0 and 1, and the closer F1macro is to 1, the more stable the model is.

OA =
TP + TN

(TP + TN + FP + FN)
(2)

where OA is the overall precision, TP and TN are the number of correctly classified model
samples, and FP and FN are the number of incorrectly classified model samples.

K =
Po− Pe
(1− Pe)

(3)

where K is the Kappa coefficient, Po is the overall classification result, and Pe is the chance
consistency error.

Rmacro =
1
n

n

∑
i=1

Ri (4)

where Rmacro is the overall recall of the model and Ri is the recall of the i-th classification.

F1macro =
1
n

n

∑
i=1

F1i (5)

where F1macro is the overall F1-score of the model and F1i is the F1-score of the i-th classification.

3. Results
3.1. Sensitivity Analysis
3.1.1. Sensitivity of Spectral Reflectance to the Degree of Damage of Forest Trees

Pest attacks on the forest trees resulted in changes in the biochemical components
and physiological structure of the canopy, and the spectral reflectance was different from
that of healthy trees. By extracting the spectral reflectance of the forest canopy from UAV
multispectral single-band images, the changes in the spectral reflectance of the forest canopy
under different victimization conditions were analyzed after normalization. As shown in
Figure 3, the spectral reflectance of the canopy of trees with different degrees of damage
was significantly changed. The canopy reflectance increased in the blue and red bands
with increasing damage; the canopy spectral reflectance decreased in the red-edge and
near-infrared bands with increasing damage; the heavy reflectance in the green band was
higher than the moderate one, which may be due to the sparse needles of the tree branches,
resulting in the segmentation of the ground into the canopy, causing the spectral reflectance
to increase. The spectral reflectance of all bands varied to different degrees with different
degrees of damage. Therefore, the vegetation index derived from spectral reflectance can
effectively characterize the severity of forest damage.

3.1.2. ANOVA of Spectral Characteristics on the Degree of Damage to Forest Trees

Variance is a measure in probability theory of the degree of deviation between a ran-
dom variable and its expectation. In order to analyze the significance between the selected
variables and the degree of stand damage, variance values were calculated for all variables.
Figure 4a shows the variance values of all variables—with the largest variance being NDVI*
and NDSI*, both at 2629.8, and the smallest variance being EVI at 1.38—and the sensitivity
between the vegetation index and the degree of damage due to textural characteristics. A
further variance ratio test (F) was calculated to verify significant differences between the
variables and the degree of stand damage, with an F of 10.63 at alpha = 1 × 10−6. To clearly
represent the spectral features with variance values smaller than the F-test value, we have
zoomed in on the part of the spectral features with variance values between 1 and 100, as
shown in Figure 4b. As can be seen, the variance values for EVI and EVIreg are smaller
than the F-test values (1.38 and 3.79, respectively), indicating that the remaining spectral
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features are all extremely significant, i.e., their sensitivity is high. We further analyzed the
sensitivity of the feature characteristics using the Honestly Significant Difference (HSD)
post-hoc test (Table A1). Features with higher variance values are sensitive between classes,
while features with lower variance values are not sensitive between individual classes,
especially texture features, and EVI and EVIreg with values lower than F values are not
sensitive between classes.

Figure 3. UAV multispectral spectral reflectance of the forest canopy with different degrees of damage:
(a) Blue band; (b) Green band; (c) Red band; (d) RedEdge band; (e) Near Infrared band (NIR).
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3.2. Sensitive Feature Extraction for SPA

As the ranges of values of the different vegetation indices and texture features varied
widely, all VIs and TF values were mapped uniformly between 0 and 1 through normaliza-
tion, and the sets of vegetation indices (VIs) and vegetation indices and textural features
(VIs + TF) sensitive to different damage levels of the forest trees were extracted separately
by SPA. The change in the root mean square error (RMSE) of the SPA during the selection
of sensitive features is shown in Figure 5; the orange line represents the VI set, and the blue
line represents the combined VI + TF set. The orange box indicates the final SPA-selected
sensitive vegetation index variables, the number of which is 9; the corresponding RMSE is
0.4079, which is close to the lowest value. The final selected vegetation indices are Clreg,
GMSR, Int*, Int2*, NDSI*, SAVI, SI3*, SI2reg, and MSRreg. The blue box indicates the final
selection of the sensitive vegetation indices and texture features by SPA, the number of
which is 12; the corresponding RMSE is 0.4081, which is also close to the lowest value.
The final selected combination of vegetation indices and texture features is ARI, DVIreg,
GMNLI, MTVI2, NDVIreg, 2NLI, Int2reg, Dis3 × 3, Dis7 × 7, Hom3 × 3, and Hom7 × 7.
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3.3. Construction of a Classification Model for the Degree of Damage of EJD in Forest Trees

A total of six types of EJD forest tree damage classification models were established
through the combination of the three model types with the two feature sets (VIs and
VIs + TF), and the results are shown in Table 3. The OA, Kappa, Rmacro, and F1macro
values of all models were greater than 0.80, indicating that all six classification models
achieved successful classification of the degree of EJD damage to forest trees. The highest
overall accuracy was observed with the Kappa, Rmacro, and F1macro of CNNVIs values
of 0.8950, 0.8666, 0.8859, and 0.8839, respectively, while the lowest overall accuracy was
observed with the Kappa, Rmacro, and F1macro of SVMVIs+TF values of 0.8450, 0.8082, 0.8415,
and 0.8335, respectively. Comparing different feature combinations, we found that the
model constructed with VIs as features had a higher accuracy and smaller difference
than the model constructed with VIs + TF as features. For all three models, the 1D-CNN
constructed a severity classification model with better results than RF and SVM. Among
the six classification models, CNNVIs had the most potential to identify the damage level of
EJD stands, followed by CNNVIs+TF, and SVMVIs+TF was the least effective.

Figure 6 shows the confusion matrix for the six classification models, with the number
of correct classifications on the diagonal, the number of incorrect classifications on the
rest, the last row for producer accuracy, and the last column for user accuracy. All models
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achieved the best identification in terms of health level, followed by heavily damaged
stands, and there was a poor identification of lightly and moderately damaged stands
in terms of both producer and user accuracies. The highest classification accuracies in
healthy, lightly affected, and moderately affected stands were all CNNVIs with 98.1%,
82.4%, and 80.6%, respectively, while the highest classification accuracy in heavily affected
stands was the CNNVIs+TF with 96.5%. After adding texture features, the model exhibited
some improvement in accuracy in both healthy and heavy classification, while in light and
moderate classification, the accuracy was lower. A comprehensive comparison revealed
that the 1D-CNN model showed the best user accuracy among all models and had a high
confidence in the classification of the degree of EJD damage to forest trees.

Table 3. Accuracy evaluation of classification models for different damage levels of forest trees.

Classification
Models

VIs VIs + TF

RFVIs SVMVIs 1D-CNNVis RFVIs+TF SVMVIs+TF 1D-CNNVIs+TF

OA 0.8650 0.8700 0.8950 0.8600 0.8450 0.8800
Kappa 0.8311 0.8369 0.8666 0.8256 0.8082 0.8485
Rmacro 0.8536 0.8603 0.8859 0.8559 0.8415 0.8670
F1macro 0.8530 0.8582 0.8839 0.8506 0.8335 0.8672
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3.4. Identification of the Severity of EJD Stands

By calculating the sensitive vegetation index and texture characteristics of all stands
in the test area, the sensitive characteristics were input into the severity classification
model. Finally, the severity of the EJD-infested stands in the test area was obtained, and
the classification results are shown in Table 4. Except for SVMVIs+TF, the remaining models
showed small differences in the classification results of forest trees in each class. Specific
analysis revealed that the severity classification model constructed based on VIs was more
stable than the severity classification model constructed based on VIs + TF in identifying the
degree of stand damage. Among the four damage classes, the difference between healthy
and severely damaged stands was small, while the difference between lightly damaged
and moderately damaged stands was large.

Table 4. Results of identifying the degree of EJD damage to forest trees. Unit: tree.

Victimization Level

Classification Model VIs VIs + TF

RFVIs SVMVIs CNNVIs RFVIs+TF SVMVIs+TF CNNVIs+TF

Healthy 979 987 1010 931 740 971
Mild 726 746 726 677 296 623

Moderate 635 543 611 599 359 612
Severe 602 666 595 735 1547 736

Among the above-mentioned six classification results, the SVMVIs+TF classification
results were different from the other five classification results. Its ability to identify healthy
and mildly and moderately damaged stands was lower than that of other classification
models, while the accuracy for the severely damaged stands was much higher than that
of other models (primarily misclassifying the lightly and moderately damaged stands
as severely damaged stands), which was consistent with the accuracy of the SVMVIs+TF
classification model. The rest of the models yielded smaller differences in the results of
forest severity identification in the test area.

Figure 7 shows the visualized results of EJD pest severity identification. Most of
the trees in the test area were attacked by the pest and were mainly concentrated in the
upper-left and central parts of the test area; the lower-right affected trees were fewer and
showed a point distribution, which was consistent with the field survey results. The spatial
distribution of forest tree damage was centered on Serious and spread in a circular pattern
in all directions, and the degree of forest tree damage gradually decreased as the distance
from the center increased. This is because, after hatching on the ground, EJD larvae select
nearby forest needles to feed on and immediately attack other nearby forest trees when they
finish eating the needles of the current forest tree. The stands marked with black circles in
the focus areas in the figure are the stands included in the model validation sample. By
comparing the recognition results, we found that the models misclassified lightly damaged
and heavily damaged stands when recognizing the degree of forest tree damage throughout
the whole forest area, especially SVMVIs+TF, which was consistent with the recognition
accuracy of the models and the overall accuracy for each class. However, in general, the
models were able to accurately identify the damage degrees of forest tree stands.
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4. Discussion

After the EJD attack of LSL, stands differ from healthy vegetation in terms of canopy
color, biochemical components, and physiological changes, and changes in the spectral
reflectance of the forest canopy can characterize changes in these indicators to enable the
classification of the degree of forest damage [11–15]. The results of this study showed
that there were significant differences in the spectral reflectance of forest canopies with
different degrees of damage, and the reflectance of the blue and red bands increased with
increasing damage; the reflectance of the red-edge band and near-infrared band decreased
continuously with increasing damage. The green band was also expected to have decreasing
reflectance with increasing damage; however, in the manual visual interpretation, the
surface may have been misclassified into the vegetation canopy, resulting in the green
band spectral reflectance not showing homogeneity. The absorption of forest tree conifer
pigments affects the spectral reflectance in the visible band. The blue and red bands
are strong absorbers of chlorophyll, and the canopy chlorophyll content decreases after
forest tree damage, resulting in an increase in the spectral reflectance in the blue and
red bands. In contrast, the green, red-edge, and near-infrared bands are affected by a
variety of biochemical components, and the content of biochemical components decreases
with increasing damage, resulting in a significant decrease in reflectance [47]. To date, the
extraction of the forest canopy from remote sensing images has been based on manual visual
interpretation, watershed segmentation algorithm, the threshold segmentation method,
deep learning, and other methods to extract forest canopy [48–50]. Although some progress
has been made, the results have a difficult time reaching the ideal state. In this study, we
extracted the forest canopy by manual visual interpretation of the ROI. In a future study, we
will try to extract the forest canopy by canopy segmentation and compare the manual visual
interpretation and canopy segmentation methods to find the optimal canopy extraction
method to eliminate the effect of surface vegetation and shadows on the spectral reflectance
of the forest canopy.

The rational selection of spectral features that are sensitive to the degree of damage to
a stand is key to the effective identification of different levels of damage to a stand. There-
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fore, to analyze the sensitivity of our selected features to the extent of stand damage, we
calculated the variance of all features. Ultimately, only EVI and EVIreg were not significant.
This may be because EVI and EVIreg were more significant in densely vegetated areas,
whereas our test area stands were heavily infested with insect damage, and substantial
needle loss resulted in more ground surface showing. This made EVI and EVIreg ineffective
in distinguishing between the extents of stand damage. In addition, to eliminate the occur-
rence of redundancy in model construction, SPA was used to extract sensitive variables for
all variables with the degree of forest damage for building classification models. Although
the RMSE corresponding to the number of sensitive features extracted by SPA is not the
lowest value, the number of sensitive features selected increases geometrically as the RMSE
continues to decrease. Therefore, we believe that the use of SPA can effectively extract
sensitive features with different degrees of victimization. We also found that the vegetation
indices extracted by SPA contained either near-infrared bands or red-edge bands, which
were important for reflecting vegetation health, and we confirmed that these vegetation
indices can effectively characterize the health of forest trees [51,52]. The texture features in
this study represented a smaller proportion of the sensitive features extracted by SPA. The
HSD test on the features revealed that the texture features were more likely to distinguish
between healthy and heavily damaged stands, while it was more difficult to distinguish
between lightly and moderately damaged stands, making the texture features appear less
sensitive in identifying different levels of damage. As a result, texture features are given
less weight in the set of sensitive features extracted by SPA.

Although all the severity classification models presented in this study performed well
in terms of the extent of stand damage, they exhibited some limitations. For example, there
is some variation in the accuracy of the RF, SVC, and 1D-CNN models in identifying the
degree of damage (healthy, mildly damaged, moderately damaged, and severely damaged
stands). After EJD larvae hatch in early to late May, the larvae crawl along trunks and
feed close to the trees, so the lower canopy may be breached first, and the needles shed,
but the upper canopy is not infested and has the same structure and color as a healthy
stand. However, the upper canopy is not infested and has the same structure and color as a
healthy stand. The variation between different levels of damage is more pronounced when
observed from bottom to top during ground truthing; drones observed the forest canopy
from top to bottom and showed less pronounced differences in the multispectral images,
particularly between healthy and lightly damaged trees and between lightly damaged and
moderately damaged trees. This resulted in a mismatch between the extent of forest damage
from the field survey and the vegetation indices and texture features extracted from the
UAV multispectral imagery, leading to errors in the ability of the model to identify damage.
The key issue in the remote sensing monitoring of forest pests is the early monitoring of
pest occurrence, and the key to this is accurately identifying healthy and lightly damaged
stands. All models in this study achieved over 70% recognition rates for lightly damaged
stands, with 1D-CNNVI achieving over 80% accuracy. The models identified lightly
damaged stands more ideally, thus providing some help in the early monitoring of pest
occurrence. At this stage, although UAV multispectral imagery has been shown to be
effective in monitoring the health of vegetation pests and diseases, UAV multispectral
images have limited wavelength bands, and their extracted vegetation indices and texture
features are less likely to characterize deeper feature changes. While hyperspectral remote
sensing can form hundreds of spectrally contiguous spectra, it is more sensitive to changes
in vegetation chlorophyll content and water content and can identify subtle changes in
forest canopies [53,54]; the unique advantages of LiDAR, such as the extremely high
angular resolution, distance resolution, and anti-interference ability, make it possible
to obtain high-precision forest structure information, spatial information, and ground
information, and it has a unique advantage in single-wood-scale forest information [55,56].
In the future, multisource remote sensing data combined with multispectral, hyperspectral,
and LiDAR sensors on board UAVs can be used to mine deeper forest canopy spectral
information, canopy structure information, and ground information to improve forest
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severity classification accuracy and the early identification monitoring of forest damage. In
the future, multi-source remote sensing data combined with multi-spectral, hyperspectral,
and LiDAR sensors on UAVs can be used to tap deeper forest canopy spectral information,
canopy structure information, and ground information, which can effectively improve
the accuracy of forest damage identification and the ability of the early identification and
monitoring of forest pests.

Unlike previous studies in which model classification accuracy was improved using
the combination of vegetation indices and texture features, the accuracy of the recognition
model based on VIs in this study was higher than that of VIs + TF [24,57]. There are three
reasons for this phenomenon. First, texture is an effective method in the face of images with
large differences in thickness and sparsity [58], but in this study, textural characteristics did
not show significant differences among lightly, moderately, and heavily affected stands.
Figure A2 shows the normalized values of texture features for different damage levels,
which did not show homogeneity in the variation of stands with different damage levels.
The normalized value of DIS decreased with increasing damage but increased in the case
of severe damage; the normalized value of HOM increased with increasing damage and
decreased in the case of severe damage. Secondly, the relatively low variance values of the
textural features compared to the vegetation index indicate that the textural features are
less significant than the vegetation index for different levels of damage to the stand. The
inclusion of texture features therefore makes the significance between different levels of
damage less pronounced than that with the vegetation index alone, leading to a reduction
in model accuracy. Finally, the trees in the study area had large differences in their height
and sparsity distribution, and some of the canopy layers overlap. When extracting the
canopy layers of the trees, the wrong canopy layer was added to make the texture features
show features that originally did not belong to the tree, resulting in the wrong classification
of the model after adding texture features to reduce its accuracy.

In this study, three methods, 1D-CNN, RF, and SVM, were used to construct an
unmanned multispectral vegetation index and texture feature EJD forest tree damage clas-
sification model. By comparing the recognition results of different classification models,
we found that 1D-CNN showed the best results, followed by RF, and the poorest results
were obtained using SVM. The 1D-CNN demonstrated the best performance in this study,
which is in line with the findings of other studies [59]. The essence of convolutional neural
networks is the sliding of filters over layers and the computation of dot product layers
and layer values of filters that can reveal finer image features at more abstract and higher
levels [39]. Its accuracy is mainly influenced by the number and size of convolutional and
pooling layers, the number of hidden units in the fully connected layers, and the choice
of optimization parameters and the learning rate [60]. The optimization parameters in
this study were selected based on the ‘Adam’ algorithm, a stochastic objective function
optimization algorithm based on low-order moment-adaptive estimation with high com-
putational efficiency and low memory requirements [61]. Due to the different numbers of
features in the vegetation index set and the combined vegetation index and texture feature
set, we set different learning rates for the vegetation index model (0.01) and the combined
vegetation index and texture feature model (0.001) to achieve the best results in order to
prevent the model from overfitting or underfitting. The essence of random forests is an
extension of decision trees, whose results are influenced by the correlation between any
two trees and the classification ability of each tree. When the number of features decreases,
the classification ability of the tree decreases; conversely, the classification ability of the tree
increases. Therefore, the key to determining the classification accuracy of a random forest
is to determine the optimal number of features [62–64]. In this study, we characterized the
degree of stand damage to the maximum extent by SPA with the minimum set of features,
which led to a better performance in the classification results. Support vector machines
are a method for finding the optimal hyperplane in an N-dimensional classification space,
relying mainly on the choice of the kernel function and the size of the penalty coefficient
(C) [43,63,65]. In this study, the RBF function was chosen as the kernel function to determine
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the best C and gamma values by cross-validation. The low accuracy of the support vector
machine in this classification may be related to the fact that the classification hyperplane
was not optimal between the classes, resulting in poor results. At present, computer tech-
nology and image recognition technology are developing rapidly. Although the forest tree
damage severity recognition model selected in this study can effectively classify the forest
tree damage caused by EJD, it may not be the best classification model. Therefore, the next
step is to find the best classification model for the severity of forest tree damage caused by
EJD to achieve fast and accurate forest tree damage severity recognition.

LSL extend from south-western Russia to the south-east and even into the northern
parts of Mongolia, playing an important role in the forest ecosystems of the temperate
regions of the northern hemisphere [65]. The influences affecting the LSL canopy, which
differ from those affecting healthy stands, can be divided into biotic and abiotic influences,
with biotic factors being mainly pest infestation, while abiotic influences include tempera-
ture and precipitation. Currently, the pests that most affect LSL in Mongolia are DST and
EJD, with outbreaks occurring from late May to late August and from late May to mid-July,
respectively [8]. Although both pest outbreaks occur at similar times, the probability of both
pest outbreaks attacking larches in the same area is extremely low, and the canopy changes
caused by the two pests are not the same. The larch canopies attacked by DST are white,
while those attacked by EJD are red. The effects of changes in precipitation and canopy
temperature are mainly due to the higher temperatures and less precipitation, which can
lead to moisture stress on canopy needles. When stands are subjected to moisture stress
during the growing season, changes in canopy spectral reflectance can occur, similar to
those seen in the early stages of pest attack, which can lead to confusion between early
forest pest monitoring and moisture stress. A better solution to this problem is to use radar
or LiDAR to obtain vertical information about the forest canopy and to distinguish between
the causes of stress affecting canopy changes by changes in the canopy structure.

At this stage, small UAV platforms can be broadly divided into two models: multi-
rotor and fixed-wing models. Multirotor UAVs are highly stable, flexible, and easy to
operate and are less affected by terrain factors, but their range is poor, making large-area
monitoring challenging. A fixed-wing UAV can last for a long time and can monitor a large
area, but it is less flexible, less maneuverable, and more affected by terrain factors [66].
Forests are mostly located in mountainous areas with complex and uneven terrains, where
the flexible maneuverability of multirotor drones makes monitoring easier. Mongolia’s
forests are extensive and require a large number of events to acquire imagery if only
multirotor drones are used, but the use of fixed-wing drones would require the training of
drone operators and would be heavily influenced by the terrain. Therefore, a combination
of multirotor and fixed-wing UAVs can be used to achieve large-area and efficient forest
health monitoring.

5. Conclusions

Erannis jacobsoni Djak. is the main larch-leaf-eating pest in Mongolia. In this study,
the multispectral images obtained by the DJ Phantom 4 RTK multispectral version of a
small multirotor UAV with a multispectral image acquisition platform and the field survey
results were used as datasets to extract sensitive vegetation indices and texture features
of forest trees with different damage levels using ANOVA and a continuous projection
algorithm (SPA) and to build an EJD pest severity model by combining the use of RF and
CNN. The following conclusions were drawn:

1. The spectral reflectance of forest trees with different degrees of damage had obvious
differences, especially in the red band, red-edge band, and near-infrared band. With
increasing damage, the spectral reflectance of the green, red-edge, and near-infrared
bands decreased, while the spectral reflectance of the red band continued to increase.

2. Sensitive spectral indices and texture features were extracted by ANOVA with SPA
for different damage levels, and, finally, 9 sensitive VIs and 12 VIs + TF combinations
were obtained. The sensitive characteristics extracted by SPA were basically greater
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than the F test values, indicating that there was a difference between the sensitive
VIs and VIs + TF extracted using ANOVA with SPA and the degree of stand damage,
showing significant sensitivity.

3. The overall accuracy, Kappa, Rmacro, and F1macro coefficients of all six classification
models exceeded 0.8, indicating that all models could effectively identify the degree
of forest tree damage. CNNVIs had the best accuracy (OA: 0.8950, Kappa: 0.8666,
Rmacro: 0.8859, and F1macro: 0.8839), followed by CNNVIs+TF (OA: 0.8800, Kappa:
0.8485, Rmacro: 0.8670, and F1macro: 0.8672), while SVMVIs+TF had the worst accuracy
(OA: 0.8450, Kappa: 0.8082, Rmacro: 0.8415, and F1macro: 0.8335).
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Figure A1. Schematic diagram of the convolutional neural network model.

Table A1. Features’ honestly significant difference.

Dependent Variable Mean Difference
(I–J)

Standard
Error

Statistical
Significance

99.9999% Confidence Intervals
I J Lower Limit Upper Limit

W
D

RV
I

Health
Mild 0.3482 * 0.0068 0.0000 0.3125 0.3840

Moderate 0.4627 * 0.0068 0.0000 0.4270 0.4985
Severe 0.5571 * 0.0068 0.0000 0.5214 0.5929

Mild
Health −0.3482 * 0.0068 0.0000 −0.3840 −0.3125

Moderate 0.1145 * 0.0068 0.0000 0.0788 0.1502
Severe 0.2089 * 0.0068 0.0000 0.1732 0.2446

Moderate
Health −0.4627 * 0.0068 0.0000 −0.4985 −0.4270
Mild −0.1145 * 0.0068 0.0000 −0.1502 −0.0788

Severe 0.0944 * 0.0068 0.0000 0.0586 0.1301

Severe
Health −0.5571 * 0.0068 0.0000 −0.5929 −0.5214
Mild −0.2089 * 0.0068 0.0000 −0.2446 −0.1732

Moderate −0.0944 * 0.0068 0.0000 −0.1301 −0.0586
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Table A1. Cont.

Dependent Variable Mean Difference
(I–J)

Standard
Error

Statistical
Significance

99.9999% Confidence Intervals
I J Lower Limit Upper Limit

EV
Ireg

Health
Mild −0.0003 0.0035 0.9996 −0.0188 0.0181

Moderate 0.0030 0.0035 0.8278 −0.0155 0.0215
Severe −0.0041 0.0035 0.6438 −0.0226 0.0144

Mild
Health −0.0033 0.0035 0.7752 −0.0218 0.0151

Moderate −0.0030 0.0035 0.8278 −0.0215 0.0155
Severe −0.0071 0.0035 0.1782 −0.0256 0.0114

Moderate
Health 0.0038 0.0035 0.7055 −0.0147 0.0222
Mild 0.0041 0.0035 0.6438 −0.0144 0.0226

Severe 0.0071 0.0035 0.1782 −0.0114 0.0256

Severe
Health 0.0003 0.0035 0.9996 −0.0181 0.0188
Mild −0.0011 0.0031 0.9856 −0.0177 0.0155

Moderate −0.0091 0.0031 0.0211 −0.0257 0.0075

EV
I

Health
Mild −0.0003 0.0031 0.9998 −0.0169 0.0163

Moderate −0.0011 0.0031 0.9856 −0.0177 0.0155
Severe −0.0091 0.0031 0.0211 −0.0257 0.0075

Mild
Health 0.0003 0.0031 0.9998 −0.0163 0.0169

Moderate −0.0008 0.0031 0.9937 −0.0174 0.0158
Severe −0.0088 0.0031 0.0271 −0.0254 0.0078

Moderate
Health 0.0011 0.0031 0.9856 −0.0155 0.0177
Mild 0.0008 0.0031 0.9937 −0.0158 0.0174

Severe −0.0080 0.0031 0.0555 −0.0246 0.0086

Severe
Health 0.0091 0.0031 0.0211 −0.0075 0.0257
Mild 0.0088 0.0031 0.0271 −0.0078 0.0254

Moderate 0.0080 0.0031 0.0555 −0.0086 0.0246

. . . . . .

M
ean3

×
3

Health
Mild −0.1230 * 0.0145 0.0000 −0.1996 −0.0464

Moderate −0.1816 * 0.0145 0.0000 −0.2581 −0.1050
Severe −0.1701 * 0.0145 0.0000 −0.2467 −0.0936

Mild
Health 0.1230 * 0.0145 0.0000 0.0464 0.1996

Moderate −0.0585 0.0145 0.0003 −0.1351 0.0180
Severe −0.0471 0.0145 0.0066 −0.1237 0.0295

Moderate
Health 0.1816 * 0.0145 0.0000 0.1050 0.2581
Mild 0.0585 0.0145 0.0003 −0.0180 0.1351

Severe 0.0114 0.0145 0.8598 −0.0651 0.0880

Severe
Health 0.1701 * 0.0145 0.0000 0.0936 0.2467
Mild 0.0471 0.0145 0.0066 −0.0295 0.1237

Moderate −0.0114 0.0145 0.8598 −0.0880 0.0651

H
om

3
×

3

Health
Mild −0.2696 * 0.0107 0.0000 −0.3260 −0.2132

Moderate −0.3193 * 0.0107 0.0000 −0.3757 −0.2629
Severe −0.4984 * 0.0107 0.0000 −0.5548 −0.4421

Mild
Health 0.2696 * 0.0107 0.0000 0.2132 0.3260

Moderate −0.0497 0.0107 0.0000 −0.1061 0.0067
Severe −0.2288 * 0.0107 0.0000 −0.2852 −0.1724

Moderate
Health 0.3193 * 0.0107 0.0000 0.2629 0.3757
Mild 0.0497 0.0107 0.0000 −0.0067 0.1061

Severe −0.1791 * 0.0107 0.0000 −0.2355 −0.1228

Severe
Health 0.4984 * 0.0107 0.0000 0.4421 0.5548
Mild 0.2288 * 0.0107 0.0000 0.1724 0.2852

Moderate 0.1791 * 0.0107 0.0000 0.1228 0.2355
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Table A1. Cont.

Dependent Variable Mean Difference
(I–J)

Standard
Error

Statistical
Significance

99.9999% Confidence Intervals
I J Lower Limit Upper Limit

D
is3
×

3

Health
Mild 0.1216 * 0.0131 0.0000 0.0524 0.1908

Moderate 0.1743 * 0.0131 0.0000 0.1052 0.2435
Severe 0.1592 * 0.0131 0.0000 0.0901 0.2284

Mild
Health −0.1216 * 0.0131 0.0000 −0.1908 −0.0524

Moderate 0.0527 0.0131 0.0004 −0.0164 0.1219
Severe 0.0376 0.0131 0.0218 −0.0315 0.1068

Moderate
Health −0.1743 * 0.0131 0.0000 −0.2435 −0.1052
Mild −0.0527 0.0131 0.0004 −0.1219 0.0164

Severe −0.0151 0.0131 0.6570 −0.0843 0.0541

Severe
Health −0.1592 * 0.0131 0.0000 −0.2284 −0.0901
Mild −0.0376 0.0131 0.0218 −0.1068 0.0315

Moderate 0.0151 0.0131 0.6570 −0.0541 0.0843

* The significance level of the difference between the means is 1 × 10−6.
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