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ABSTRACT
Pest damages in eucalyptus plantations cause significant
economic losses for the pulp and paper industry.

Longhorned borers (ELB) outbreaks induce mortality in
eucalyptus stands. In this study, multispectral imagery was
obtained from unmanned aerial vehicles. We attempt to
improve the classification process done in previous work.
The local maxima of sliding a window and the Large-Scale
Mean-Shift segmentation (LSMS) were applied to extract
tree crows. Subsequently, the mean of spectral bands and
twelve vegetation indices were calculated to characterize
each segment. To classify tree canopies into dead and
healthy trees, supervised machine learning using Random
Forest (RF) and Support Vector Machine (SVM) were
applied. The overall accuracy of Random Forests was
98.35% and Support Vector Machine of 97.7%. We
concluded that SVM did not perform better than RF.
Moreover, adding new vegetation indices in the
classification process did not increase accuracy.

Index Terms—Eucalyptus stands, Longhorned borer
(ELB), unmanned aerial vehicles (UAV), machine learning.

1. INTRODUCTION

Outbreaks of insect pests such as Longhorned
borers (ELB) (Phorachanta semipunctata and Phoracantha
recurve) cause Eucalyptus globulus mortality across regions
with a Mediterranean climate. The assessment of the
damage caused by ELB is usually not detected using
traditional survey techniques until significant mortality has
occurred [1]. Nevertheless, some symptoms such as canopy
collapse, insect exit holes or kyno bleeding might indicate
ELB attacks [1,2]. The best approach to reduce the impact
of ELB is early detection. Therefore, UAV remote sensing
can be a promising tool for forest managers and
practitioners to planning and control actions.

Combining traditional survey techniques with
UAV remote sensing can minimize the response time and
reduce the losses. Those combinations have become
employed for pest and disease monitoring, such as bark
beetle [3][4], using UAV technology and non-parametric
algorithms for classification. For instance, Nasi [3]
investigate the bark beetle damage at the tree level using
object-based K-Nearest Neighbor (KNN) classification.
Honkavaara et al. [4] explore multitemporal imagery to
study spectral symptoms using a Random Forest machine
learning model to classify spruce health. Duarte et al. [5]
studied the mortality of ELB in Eucalyptus globulus stand
using the mean of five spectral indices and four bands. To
classify the canopies Random Forest classifier was used.
However, the potential for pest monitoring has still not been
fully exploited, and detection algorithms are missing for
most pests.

This study aims to use twelve spectral indices and
four bands to assess the impacts of ELB attacks using the
same imagery collected in the previous work [5]. On the
other hand, Random Forest with selected hyperparameters
and Support Vector Machine algorithms are tested. Our
focus is classifying the dead trees on eucalypt stands and
compare the models generated.

2. METHODOLOGY
2.1. Study site

The study site is part of a Eucalyptus globulus
stand near the village of Gavido in central Portugal
(39°27.909° N, 7°56.124’W) (Figure 1). This area is
managed by The Navigator Company (NVG), a Portuguese
pulp and paper company. It has an area of approximately
30.56 ha and is composed of about 28,271 trees. The
mortality caused by ELB was detected in 2018. The severe
drought in 2017 induced the intensity of attacks.



Table 1 - Vegetation indices calculated.
A
H Vegetation index Equation References
~ - - ’
g Difference vegetation index (DV1) VI < NIR-Red [10]
N Green Normalized Difference GNDVI = NIR- [11]
o S Vegetation Index (GNDVI) Green/NIR+Green
— Normalized Difference Red-Edge NDRE = (NIR- [12]
(NDRE) RedEdge)/(NIR+RedEdge)
i } Normalized Difference Vegetation [13]
2 Index (NDV1) NDVI = NIR-Red/NIR+Red
Soil Adjusted Vegetation Index SAVI = 1.5 x (NIR-Red)/(NIR [14]
(SAVI) +Red+0.5)
o o och Green-Red Vegetation Index (GRVI) GRVI = Green-red/Green + [13]
-_— red
Yegend - - — Anthocyanin Reflectance Index (ARI) ARI = (1/Green)- [15]
+ loc I . e T TIPS " (1/RedEdge 1)
% Study location Navigator Company cadastre | .+ Eucalytus Stand limits
7 Studyarea  [J Mainland Portugal Modified Anthocyanin Reflectance MARI = (1/Green)- [15]
Index (MARI) (UNIR)*NIR
Figure 1. Location of the study site and a highlight of multispectral image. Red Green Index (RGI) RGI = Red/Green [16]
The site has a Mediterranean climate with hot dry summers Modified Anthocyanin Content Index S p— [15]
and mild winters, and the altitude varies between 160 and (mACI) (1/Rededge)*NIR
250m a.sl.(above sea level). Chlorophy!l Index (CI) CVI = (NIRxRed)/(Green)® [17]
Infrared Percentage Vegetation Index [18]

2.2. Data acquisition

Multispectral images were collected using the
Parrot Sequoia camera mounted on an eBee SenseFly
(Parrot S.A., Paris, France) [6]. The camera collects four
discrete bands with 1.2 megapixels resolution: green (530-
570 nm), red (640-680nm), red-edge (730-740nm) and near-
infrared (770-810nm). Four autonomous flights were
conducted on 21 January 2019 with a height of 190 m above
terrain level, speed was 10 m/s, and image overlap of 80%.
The mission planning application used was SenseFly
eMotion (Parrot S.A., Paris, France). For geometric
correction purposes, nine ground control points (GCP) were
collected using Arrow Gold Real Time Kinematics (RTK)
antenna.

To generate the orthomosaic an Ag Multispectral
template pre-defined on Pix4Dmapper Pro software
(Version 4.2, Pix4D S.A., Prilly, Switzerland) [7] was used.
The spatial resolution of multispectral imagery is 17
centimeters. Field data were acquired at the tree level, and
health status assessment was assigned in two categories:
dead and healthy.

2.3. Data processing

The object-based analysis was performed using the
Large Scale Mean Shift algorithm (LSMS) provided by
Orfeo Toolbox [8]. Subsequently, the mean of the four
bands and vegetation indices for each feature was
calculated. For this proposal, twelve spectral indices were
derived (Table 1). The local maxima algorithm was applied
to extract tree position, available in the QGIS Tree density
plugin [9]. Given the imagery, segmented and tree positions
were intersected to obtain the tree crowns described in the
last work done [5].

IPVI = NIR/(NIR+Red)

(IPVI)

We select 2027 out of 25911 segments based on
field data and on-screen interpretation to train the
algorithms. To classify tree canopies into two different
classes, healthy and dead trees were selected.

2.4. Machine Learning classifiers

In order to classify tree canopies into two different
classes, we applied two machine learning algorithms, the
Random Forests (RF) presented by Breiman [19] and
Support Vector Machine (SVM) by Vapinik [20]. In the
previous work done, we used default values provided by
OrfeoToolbox for RF, which were maximum tree depth 5,
and the number of trees was 100. For these experiments, the
RF hyperparameters selected were a maximum tree depth,
100 trees, and Gini criteria (Table 2). Larger trees help to
convey more info, whereas smaller tree gives less precise
information. Therefore, a considerable depth enough to split
each node to the desired number of observations. The
hyperparameters for SVM were linear kernels, the decision
function shape was one-vs-one (OVO), and the C parameter
was 1. The decision function shape OVO trains a classifier
for each 2-pair class combination. The C parameter defines
the margin to avoid misclassifying each training example.
Hence, C small values correspond to a large margin
hyperplane, even if the hyperplane misclassifies more
points.

The dataset of training areas was partitioned into
70% for training and 30% to test. Experimental tests were
implemented in IPython environment using Scikit-Learn
Python library [21].



Table 2 - Hyperparameters for each algorithm.

Classifier Hyperparameters Values
Maximum tree depth None
RF Trees 100
criterion Gini
Kernel Linear
SVM Decision function shape one-vs-one
C parameter 1

2.5. Evaluation metrics

The error matrix was performed to determine the
agreement between the classified segments and the ground
truth image regarding trees dead and healthy. From the error
matrix, we calculated the overall accuracy (OA), producer’s
accuracy (PA) or recall, and user’s accuracy (UA) or
precision. Furthermore, the Kappa statistic was also
estimated to evaluate the agreement between classification
and ground truth data quantitively [22]. The supervised
classification in each algorithm was validated with 2% of
randomly stratified selected segments using the research
tools provided by QGIS software.

3. EXPERIMENTAL RESULTS

RF and SVM reached an overall accuracy higher
than 90%. Alvaréz-Taboada[23] stressed that using two
classes is suitable from a management point of view. On the
other hand, increasing the number of classes might be
difficult to discriminate the different infestation levels. With
RF classifier, the overall accuracy was 98.3% (Table 3),
while for SVM was 97.7% (Table 4).

Analyzing the confusion matrix of RF user’s
accuracy (precision) for healthy trees was 98.9%, and the
class dead trees was 93.1% (Table 3). The producer’s
accuracy (recall) for dead trees was 91.5% and healthy trees
of 99.1%. These results showed that a healthy tree is the
most distinguished class.

Table 3 - Confusion matrix of the RF classification

Predicted
Class
Healthy Dead Total PA(%) Kappa
Healthy 455 4 459 99.1 0.91
Dead 5 54 59 91.5
Observed
Total 460 58 518 -
UA(%) 98.9 93.1 - 98.3

Regarding the confusion matrix of SVM user’s
accuracy (precision) for healthy trees was 99.3%, and the
class dead was 85.5% (Table 4). The producer’s accuracy
(recall) for dead trees was 94.6% and healthy trees of
98.1%. These results showed that the healthy tree was the
most distinguished class using SVM.

Table 4 — Confusion matrix of SVM classification.

Predicted
Class
Healthy Dead Total PA(%) Kappa
Healthy 454 9 463 98.1 0.89
Dead 3 53 56 94.6
Observed
Total 457 62 519 -
UA(%) 99.3 85.5 - 97.7

RF and SVM overall accuracy were very similar.
However, at the class level, the user accuracy of dead trees
in the RF experiment (93.1%) was significantly higher than
SVM (85.5%).

Figure 2a) represents the spatialization of the
classification of tree canopy status. Figure 2 b) and 2 c)
shows highlights of RF and SVM classifications,
respectively. Figure 2 b) and 2 c) the healthy trees have red
color, and dead one blue or white.

When compared to a previous experiment in the
same study area [5], this research demonstrated that SVM
did not perform better than RF. Furthermore, adding new
vegetation indices in the classification process did not
increase accuracy.

Legend
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Dead

0 75 150m
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Figure 2. Classification of tree canopy status: a) a general overview of RF
classification, b) highlights of RF classification, c) highlights of SVM
classification.



4. CONCLUSION

Mortality in Eucalyptus globulus at the stand level can be
successfully mapped using UAV imagery. Combining the
segmentation and local maxima filter to extract the
individual-tree crowns helps to discriminate the two
canopies. Machine learning approaches can support forest
managers and practitioners to identify stressors in their
stands. The overall accuracy of RF classification was
98.3%, and SVM of 97.7%. Using other hyperparameters
and adding new vegetation indices in the classification
process did not increase accuracy. Future work focuses on
adding new additional forested sites affected by ELB to
compare different edafo-climatic conditions. Further
research might focus the study at different spatial scales.
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