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Abstract: The species richness and biodiversity of vegetation in Hungary are increasingly threatened
by invasive plant species brought in from other continents and foreign ecosystems. These invasive
plant species have spread aggressively in the natural and semi-natural habitats of Europe. Common
milkweed (Asclepias syriaca) is one of the species that pose the greatest ecological menace. Therefore,
the primary purpose of the present study is to map and monitor the spread of common milkweed,
the most common invasive plant species in Europe. Furthermore, the possibilities to detect and
validate this special invasive plant by analyzing hyperspectral remote sensing data were investigated.
In combination with field reference data, high-resolution hyperspectral aerial images acquired by
an unmanned aerial vehicle (UAV) platform in 138 spectral bands in areas infected by common
milkweed were examined. Then, support vector machine (SVM) and artificial neural network
(ANN) classification algorithms were applied to the highly accurate field reference data. As a result,
common milkweed individuals were distinguished in hyperspectral images, achieving an overall
accuracy of 92.95% in the case of supervised SVM classification. Using the ANN model, an overall
accuracy of 99.61% was achieved. To evaluate the proposed approach, two experimental tests were
conducted, and in both cases, we managed to distinguish the individual specimens within the large
variety of spreading invasive species in a study area of 2 ha, based on centimeter spatial resolution
hyperspectral UAV imagery.

Keywords: invasive species; common milkweed; hyperspectral imaging; UAV; artificial neural
networks; SVM classification

1. Introduction

At present, nature conservation is encountering a major challenge to preserve natural
habitats and biodiversity. One of the most critical threats to biodiversity is the spread
of invasive species that are non-native to a specific location. They spread aggressively
and rapidly, covering large areas and adversely affecting native species and habitats. The
importance of this topic has also been highlighted by the United Nations (UN). The UN’s
sustainable development goals include supporting the suppression of invasive plant species
(Development goal No.15.8), and the corresponding indicator (Indicator No.15.8.1) outlines
the proportion of countries controlling and preventing the spread of invasive species in
compliance with national legislation [1]. To identify the geographical premises of this
problem and to model and predict their future spread, acquiring current and detailed
spatial data is required [2-5]. The spread of invasive species is a serious issue not only
in Hungary and Central Europe but also at global level, being one of the major threats to
biodiversity [6,7].
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Besides serious environmental damage, the mass spread of invasive species can also
cause economic losses in agricultural areas [8-10]. Therefore, continuous monitoring of
invasive plant species spreading, as well as mapping spread corridors and delineating
contaminated areas, is of increasing importance for the purposes of nature conservation
and agriculture [11]. Forecasts for areas that are potentially sensitive to this problem are
also in high demand.

In the past 15-20 years, different sensors were used for monitoring invasive species
on various platforms [12]. Hyperspectral (HS) satellites like EO-1 Hyperion [13-16] or
Huan Jing-1 (HJ-1) can be used for this purpose. Sensors can also be placed on airborne
platforms, which can be used effectively for invasive species mapping: AVIRIS [17,18],
CASI [19,20], AISA [21-23], APEX [24], AHS [20], HySpex. Hyperspectral data provides
near continuous spectral reflectance curves that allow the identification of unique spectral
signatures, calculating narrow band vegetation indices and, consequently, better separation
of plant species from each other. This serves as the main advantage of hyperspectral sensors
over the multispectral ones which records electromagnetic radiation averaged over a broad
“band” of wavelengths [25,26].

The methods described in scientific literature to isolate invasive vegetation are di-
verse and vary in complexity. Among others, we come across spectral angle mapping
(SAM) [20,21,27-29], linear spectral mixture models (LSMM) [19], spectral mixture analysis
(SMA) [28], support vector machines (SVM) [30-34], random forest [23,32,35-37], support
vector regression (SVR) [38], regression trees [33,39], MaxEnt [33,36,40], and other spectral
target detection techniques [20].

Support vector machine (SVM) is a machine learning (ML) algorithm proposed for
classification and regression problems in the late 1990s [41]. Originally, it was defined as a
binary classifier, however, later adaptations made it suitable for multiclass problems too.
In this approach, if a data distribution is nonlinear, the data are transformed to a higher
dimension so as to become linearly separable. The transformation of the original data
is performed using kernels [42]. The key advantages of an SVM are that it learns well
with only a few features required, is robust against errors, and is computationally efficient
compared to other ML methods, such as neural networks [41].

Artificial neural networks (ANNs) were originally introduced as models grounded on
the concept of brain functioning. They are based on a large set of connected elements that
propagate a signal by nonlinearly adjusting it according to the weights [43]. Although de-
veloped more than half a century ago, for a long period, ANNs were not commonly applied
to image classification tasks. Only in the 2000s, neural networks started to attract increasing
attention due to the expanded availability of data, optimization of training algorithms and
network architectures, and advances in hardware, especially the introduction of affordable
and powerful graphic processing units (GPUs). In the last 10 years, great advances have
been achieved in the field of deep neural networks [44,45]. Recently, this development has
been further enhanced due to easier access to algorithms via open-source machine learning
libraries, such as scikit-learn [46], Pytorch [47], and Keras-Tensorflow [48,49].

Several studies applied SVM and ANN to map milkweed spreading under different
nitrogen conditions, based on spectrometer data. These studies were conducted in a consid-
erably small 20 x 20 m test plot with a low spatial resolution of 2 m [50,51]. In the precision
agricultural related field, several studies have focused on the in situ detection of milk-
weed by applying an SVM to mobile camera data [52-54]. Although mapping milkweed
based on airborne hyperspectral data through supervised classification techniques has
been described previously, SVM and ANN have not been applied to classify milkweed in
high-resolution hyperspectral unmanned aerial vehicle (UAV) data. The use of UAV based
remote sensing makes it possible to generate aerial data about specific areas with higher
spatial resolution compared to manned aerial platforms or satellite based sensors [7,55-57].
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Cubert hyperspectral remote and proximal sensing proved to be an efficient platform
for the detection of spectro-phenological parameters of different plantations [58], like
raspberry varieties [59] or grassland agricultural vegetation type [60]. It was also tested as
a unique technique in complex agro-ecosystem monitoring [61]. The UAV-HS camera set
presented in this paper makes the collection of hyperspectral aerial data in the centimeter
spatial resolution range possible, which can be an asset in individual scale identification
of invasive species. The applied SVM and ANN image classification methods of UAV
based data can be useful tools for the identification of individual invasive plants, and
to distinguish them from other separate plants of native species. This type of detailed
vegetation mapping is essential for the early detections of the biological invasions of
the terrestrial ecosystems. Individual scale investigation is required for mapping and
monitoring of biological invasion generated by rapid vegetation changes. Furthermore,
the automated detection of individual plants can help to determine the fuzzy boundary
between infected and non-infected areas.

The aim of our research is to identify the individuals of common milkweed (Asclepias
syriaca) in an infected National Park in Hungary. Common milkweed is an herbaceous
species that is expanding rapidly in many European countries. We aim is to test the SVM
and ANN image classification methods for their usefulness of the individual scale detection
of this species. Data acquisition is based on detailed hyperspectral aerial remote sensing
and terrestrial observations. We demonstrate that the combination of GPS-based field
surveys and drone-operated hyperspectral aerial photography can be used effectively to
accurately map the infected areas. We also focused on collecting and processing field
reference data, supplementing and processing all of our data at the investigated scale.

Furthermore, in the present study, an overview of the current situation corresponding
to the biodiversity threat in Hungary is provided. Through this study, we would like to
contribute to the work of experts and nature conservation professionals and to highlight
the importance of the considered topic.

2. Study Area and Materials
2.1. Common Milkweed

Common milkweed is a rapidly spreading invasive plant, whose appearance in an
ecosystem leads to the suppression of original vegetation [2,3] (Figure 1). Common milk-
weed (Asclepias syriaca), a species native to the American continent, was brought to Hun-
gary (for beekeeping purposes) in the 18th century [62]. According to the Raunkieer and
Ujvarosi’s system, which is used to classify plants according to life-form categories, com-
mon milkweed belongs to category G3; that is, it propagates through rhizomes and forms
large colonies (polycormones), which also help it to overwinter [63,64]. Its propagation is
highly effective since, besides propagating through rhizomes, it also produces an average
of 300 seeds, each with long and flossy hair in its follicles.

Common milkweed grows up to 0.8-1.5 m. Its bright, green leaves are 5-9 cm wide
and 15-25 cm long [65,66]. At an appropriate resolution, these morphological features
enable the detection of these plants through remote sensing. Based on our field experience,
to distinguish each plant, a resolution of 40-80 cm or higher is required, depending on the
degree of infection in the target area.
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(a) (b)

Figure 1. Rapid spread of common milkweed in an abandoned vineyard between (a) 2012 and (b) 2015 in the Hungarian

Great Plain, according to the Eurostat LUCAS land-use and land-cover database field survey photos.

Currently, one of the most infected areas is the Southern Great Plain region [67,68],
where the study area is situated. The conservation damage caused by common milkweed
is significant, specifically in open sandy grasslands [69]. It spreads rapidly in abandoned
vineyards, orchards, and planted forests, and expands to grasslands of high conservation
value. Common milkweed grows predominantly on sandy soils and prefers soils with
considerably high water absorption and conductivity, poor water-storage capacity, and
very poor water retention [70]. After the fall of the communist regime, in the beginning of
the 1990s, large parts of the arable land were abandoned owing to uneconomical cultivation,
thereby providing favorable conditions for an explosive spread of this species. According
to surveys, its stock doubled in several decades. Academic literature also indicates that
the spread of common milkweed is strongly related to changes in land-use modes [71-73].
In Hungary, the area of Bacs-Kiskun County (Southern Great Plain) is characterized by
heterogeneous land cover, and several previously cultivated plots (vineyards, orchards, and
arable land) have lain fallow since the 1990s [74,75]. The conditions inherent in abandoned
or fallow land facilitate the appearance and spread of common milkweed [76-79].

2.2. Study Area

The study site is located in the Kiskunsag National Park, which is the main nature
conservation authority in the region. The rangers of the National Park, who are responsible
for the area and have been monitoring its development and changes in land use and land
cover for years, have proposed the selection of the exact study area. The site includes
one heavily infected plot, which covers 2 ha, several kilometers east of the village of
Soltszentimre in the national park (Figure 2). The progression of infection differs in the
diverse sites of the area. The area considered in the present study was abandoned many
years ago but underwent herbicide control in 2014, resulting in a reduction in common
milkweed shoots (representing a lower rate of infection) with less developed specimens.
Our hyperspectral UAV based vegetation mapping survey was conducted in July 2017.
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Figure 2. Location of the target plot in the Southern Great Plain region (on the Kiskunsag Sand Ridge), on the outskirts of

the village of Soltszentimre: the area of 2 ha is considered as the study site with 23 sampling quadrats.

3. Methods

The present study relies on two major methodologies applied at the local scale. The
first is a Support Vector Machine (SVM), which is used to find an optimal hyperplane
between classes [41]. The other method is based on an Artificial Neural Network (ANN),
where interconnected neurons are used to store information between input and output
patterns [45]. In the study area, we investigated the areas infected with common milkweed,
analyzing data acquired by a UAV platform, and processed them considering the ground
reference data. For the classifications, hyperspectral UAV images consisting of 138 bands
in the 450-950 nm spectral range with 4 nm sampling intervals were used. Field reference
data were collected for training and validation purposes using quadrats. Only common
milkweed was collected, resulting in a binary classification: common milkweed and no
common milkweed classes.
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3.1. UAV Multicopter Carrier Platform

To determine the presence of common milkweed, a Carbon Core Cortex X8 octocopter
with a Zero-Tech Gemini flight controller system equipped with a hyperspectral sensor was
employed (Figure 3a,d). A large advantage of this system lied in its high-level redundancy
(eight co-axially placed motors for easier transportability and dual hardware units within
the flight controller in parallel), which was important from the viewpoint of flight security.
Owing to the high power of this airframe, it could lift off a Cubert UHD-185 camera for
a maximum of 15 min, which was sufficient to cover a 2-3 ha area with a 2-3 cm spatial
resolution from a nearly 80-100 m flying altitude above the ground level.
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Figure 3. (a) Cubert UHD-185 HS camera with the Fitlet mini PC; (b) FWHM of the spectral range increase from 4 nm to
approximately 32 nm; (c) One of the planned flying routes in the ArduPilot mission planner; (d) CarbonCore Cortex X8
octocopter equipped with the Cubert UHD-185 camera.

Considering that it was impossible to plan photogrammetric-like flight routes in
the genuine Zero-Tech ground control software (GCS), mission planning was performed
through an ArduPilot mission planner (Figure 3c) using a survey grid tool based on a
polygon file, which contained the surveyed area, as well as the camera parameters (sensor
size, focal length, and resolution) and photogrammetric ones (flying height and speed
and forward and sideway overlap). The latter parameters were defined such that two
flights were necessary to cover the whole study site, to fulfill the requirements of the
photogrammetric survey. A specific script was developed to transform the ArduPilot
mission planner flight route files into the Zero-Tech GCS path ones (skw format) and to
import and upload them into the octocopter. Utilizing the above parameters and generated
flight route, the aerial surveys were carried out on the study site.
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3.2. Hyperspectral Image Capturing System

To cover the extent of the study site, which is approximately 2 ha, in total 505 images
were taken during the two flights of the UAV. The flight parameters were adjusted to the
actual weather conditions. The nominal flight speed was 3 m/s, the maximum integration
time was set to 2 ms. The overlap between the images and rows was 60%, which proved to
be an adequate value to generate an orthomosaic image with approx. 2 cm/pixel resolution.
The orthomosaic image was compiled in Agisoft Metashape software environment [80].

The image capturing system comprised a Cubert UHD-185 hyperspectral snapshot
camera and a Compulab Fitlet mini personal computer (PC). The Cubert camera simultane-
ously recorded 138 bands in the spectral range of 450-950 nm with a sampling interval of
4 nm. Concerning these bands, the camera manufacturer recommended to employ only
125 bands within the visible (VIS)—near infrared (NIR) wavelength interval. The full width
at half maximum (FWHM) of the bands increased from approximately 4 nm at 450 nm to
approximately 32 nm at 950 nm (Figure 3b).

The camera included two image capturing sensors; for each band, a 50 x 50 pixel
hyperspectral (HS) image with 12 bit (4096 DN—digital number) radiometric resolution
was generated. Simultaneously, Cubert UHD-185 captured a panchromatic image with a
resolution of 1000 x 1000 pixels. A camera lens with a focal length of 17 mm was utilized
to obtain an across-track field of view of approximately 20°. The ground resolution at a
flying height of 80 m was approximately 40 cm for HS pixels and 2 cm for a panchromatic
image. Using the manufacturer software Cubert Edelweiss, installed in the camera, the HS
resolution could be pan-sharpened to the panchromatic 1 megapixel resolution.

The UHD camera required calibration before the start of the field survey. The HS
imagery system was calibrated using a white reflectance spectral panel formed of a PTFE-
based (polytetrafluoroethylene) high-reflective optical material. Under appropriate weather
conditions (sunny, clear sky), the typical integration time required for capturing an HS
data cube was 1 ms (1/1000 of a second). The UAV platform carried the whole HS camera
system with the mini PC, which could be remotely controlled via Wi-Fi. It was connected to
the camera through two gigabit Ethernet cables and ran the software installed to control the
camera. The captured spectral data were received and uploaded directly into a flash drive
embedded in the mini PC, which could also be reached through a wireless connection [81].

The field survey campaign was conducted in the period between 11 am and 2 pm
around solar noon, so that there was a larger chance for the weather conditions that
would be appropriate for the measurements. The cloudless sky was one of the main
requirements, because the camera should be used the fastest possible integration time
possible, to minimize the image blurring effect [82].

3.3. Ground Reference Survey

Besides aerial photography, the field reference data were also recorded in the study
site. These data served as the basis for the supervised classification of HS aerial images.
Owing to the high spatial accuracy of the HS UAV imagery, the field reference data were
acquired with high accuracy.

Therefore, several high-precision random samples were acquired in the study area.
We took care to collect different development states of common milkweed and to have a
uniform distribution, because it was important to store samples of the plant in the datasets
from the immature germ plants to the fully developed specimens to be able to identify all
variety of this species during the classification.

For the purpose of sampling, 1 x 1 m quadrats were marked on the soil surface
by using a 1 m? metal frame. Accordingly, 23 quadrats were marked on the study site.
Each corner of the metal frame used to mark the quadrats was calibrated with centimeter
accuracy using a GNSS RTK GPS.

After performing digitization of the corner points, they were used to depict the
recorded quadrats, which could be superimposed accordingly on the mosaic of the HS
images. Within the quadrats, a botanical survey was conducted, and all plant species
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(a)

visible in a corresponding aerial photograph were listed, focusing on common milkweed,
together with their attributes (number, coverage, and development of shoots). The detailed
botanical survey within the quadrats allowed identifying other herbaceous species, such as
field eryngo (Eryngium campestre), blanket flower (Gaillardia), and wood-small reed or bush
grass (Calamagrostis epigejos). However, we decided to consider only common milkweed,
as the spatial resolution of images did not allow performing a clear delineation of other
herbaceous species. Moreover, an attempt to classify so many other species could result in
under-representing the class of common milkweed. All data about the flora within each
quadrat were stored in the spatial database.

Additionally, concerning each recorded quadrate, a photograph was taken with
a handheld camera from above. These photographs alone could not be considered as
geo-informative or spatial data, but when paired with the considered database and geo-
referenced to the corners of the specified quadrats in a mosaic image, they enabled a
greater precision of the manual delineation of common milkweed shoots. Interpreting
the orthomosaic alone was insufficient to accurately determine the invasive species. The
resulting polygons within the quadrats represented common milkweed shoots (Figure 4).
Delineation was performed using the ArcMap 10.3 GIS software. The resulting vector layer
served as the basis for later classifications.

(b)

Figure 4. Pictures of common milkweed specimens delineated within the designated quadrats: (a) a quadrate in which

individual specimens can be clearly delineated in the mosaic photograph; (b) it is shown where it can only be delineated by

geo-referenced field photography.

3.4. Delineation Methods

Different Machine Learning (ML) algorithms were compared in terms of the task of
automatically recognizing and delineating common milkweed plants based on the UAV
orthomosaic. Several supervised classifiers have been tested (for example, maximum
likelihood and spectral angle mapper), and it was concluded that SVM and ANN with
multiple hidden layers provided the best results. These two methods and their results are
presented below.

3.4.1. SVM Classification

To acquire the training data for SVM classification, the plants delineated in the
quadrats were divided with a ratio of 1/3-2/3. The 2/3 portion was used for classifi-
cation training, while the 1/3 portion was considered for validation. First, the vector layer
was split into the appropriate proportion, and then rasterized. Using the opposite sequence,
the pixels of a rasterized polygon representing an individual plant could fall into different
classes (training or validating ones). Based on our experience, this could distort the results
of classification and lead to unrealistic results. During the preprocessing step, all pixels of
an individual plant were categorized into the training or validating classes.
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The classification was performed using a kernel function (K) called radial basis func-
tion (RBF) as the Equation (1) shows:

K(xi, xj) = expexp (=7llxi = xi[*) , v >0 ¥

where the x; and x; are the dimensional inputs for which the (x;, x;) € R" (n-dimension
real-coordinate space) condition is met and the vy is a kernel parameter [83]. The kernel
functions return the inner product between two points in a suitable feature space. The RBF
kernel was selected because it is nonlinearly aligning samples into a higher dimensional
space [84]. Moreover, the kernel values do not go to infinity or zero, therefore the 0 < K;; <
1 criteria is always true unlike the polynomial kernel [83]. The optimal Gamma parameter
was determined to 0.007. The penalty parameter of the error term was 100.00 which is a
strict condition that does not allow for assumed misclassification. The applied classification
probability threshold was 0.95.

Besides the SVM classification on all 138 bands, a Minimum Noise Fraction (MNF)
transformation and a Principal Component Analysis (PCA) were conducted as well. These
statistical methods are widely used in remotely sensed vegetation analysis and botanical
surveys to reduce the number of input variables. Both are based on eigenvalues of UAV
images [85,86]. Data preprocessing using these methods was evaluated as a method to
increase the accuracy of SVM classification. Classifications were performed using the ENVI
4.8 software.

3.4.2. Artificial Neural Network

Concerning the ANN classification, all layers of the HS image were not required.
While performing classification, this could cause large redundancy and make the calcula-
tions unnecessarily computationally expensive. Therefore, PCA was applied to reduce the
number of bands while mostly retaining the information stored in the original bands. Sev-
eral experiments were conducted, and it was determined that nine principal components
of the original 138 bands were sufficient for the classification [87,88]. The summary results
of the conducted analysis for the first nine principal components are presented in Table 1.

Table 1. Percent and accumulative eigenvalues for PCA.

. Percent of Accumulative of
Band Eigenvalue Fi 1 Fi 1
igenvalues igenvalues
1 108,067,578,860.55989 99.8040 99.8040
2 198,566,549.77435 0.1834 99.9873
3 10,830,517.16261 0.0100 99.9973
4 1,858,730.64968 0.0017 99.9991
5 573,534.52973 0.0005 99.9996
6 233,869.51241 0.0002 99.9998
7 122,848.42510 0.0001 99.9999
8 49,990.75312 0.0000 100.0000
9 34,018.30499 0.0000 100.0000

Visible interpretation of principal component 5 to 9 indicated that statistically, they
did not contribute anymore to the signal, but that there was still an observable pattern in
the data that could be useful for the classifier.

A feed-forward ANN with 9 x 24 x 12 x 1 layers was developed using Tensor-
flow /Keras library [48], and the optimal parameters were selected using the scikit-learn
Gridsearch method [46]. To reduce overfitting, a dropout of 20% was applied after each
layer. To implement the classifier, the Adam adaptive learning rate optimizer algorithm
and binary cross-entropy loss function were employed, as in this study, the classification in-
cluded only two classes: the class of common milkweed and that of areas without common
milkweed. The batch size and epoch hyperparameters were set as 24 and 100, respectively.
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The accuracy was determined through a 10-fold cross validation. This resulted in achieving
a mean overall accuracy of 0.9483 with a variance of 0.0709 on the validation set. The
rectified linear unit activation functions were applied to the first two layers and the sigmoid
function to the last one.

Sample areas were digitized as polygons with and without milkweed. The field
survey polygons were the same as those used for the SVM classification. Concerning the
non-infected areas (no common milkweed class was identified), quadrats were applied.
Common milkweed was digitized as polygons based on the original hyperspectral image.
All polygons were randomly split into three groups: one for training, one for validation,
and one for testing. Each polygon was converted to points, where one point was created
for each pixel within the area covered by the polygon. Then, the points were used to extract
the values from the PCA data set, resulting in nine input features. The samples were used
to train the model, while the validation set was used to adjust the hyperparameters and
prevent overfitting (Table 2). It was not possible to directly feed the entire image to the
trained model, because it was causing memory problems, therefore the image was tiled
into sub images of 1000 x 1000 pixels. One by one, the tiles were converted to arrays and
read into the model. The model classified each tile separately and then the classified tiles
were concatenated to their original position in the image, resulting in the classified image
with the common milkweed and no common milkweed classes.

Table 2. Number of points in the training, validation, and testing sets.

Training Validation Testing
No common milkweed 12,604 2973 5511
Common milkweed 2440 751 388
Total 15,044 3724 5899

4. Results and Discussion

As a result of the conducted tests, we observed that the overall accuracy of the
SVM classification performed considering the common milkweed class was 93%, with a
producer accuracy of 73.6% (Table 3). However, this classification accuracy could not be
improved by applying MNF transformation and PCA to SVM classification. During the
MNF transformation, the accuracy increased to 75.6%, but the class of common milkweed
became over-represented. The transformation reduced the dimensions of the HS images
and eliminated interfering signals. False-positive results were mainly observed in open
grasslands, where the reflectance was highest. By applying PCA, the available 138 spectral
bands were reduced to 15 components for SVM classification, as the first 15 principal
components contained most of the spectral information. The result was geometrically more
accurate; however, according to the confusion matrix, the achieved accuracy was only
52.1% and the considered class remained over-represented in open grasslands, similarly to
the case of MNF transformation.

Table 3. Validation of the SVM classification.

Model Validation
Common milkweed No common milkweed
Common milkweed 2634 0
No common milkweed 945 9826

As shown in Figure 5, open grasslands stretching transversely on sandy soils with
high reflectance values in the southern part of the subarea. They were poorly classified
after applying both MNF transformation and PCA (Figure 5). We noted that the reduction
of HS data to fewer bands at the examined scale did not provide satisfactory results for
the SVM classification aimed at a clear identification of common milkweed. Moreover, the
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SVM classification without transformations was visually more accurate concerning the
whole study area.

Producer accuracy: 73.6% 75.6% 52.1%

Original MNF PCA
classified image

(Minimum Noise Fracton Transform) (Principal Compoenent Analysis)

Figure 5. Results of SVM classification on a smaller section of the study area.

The ANN model was validated through the training, resulting in an overall accuracy
of 99.19% (Table 4) and a Cohen’s Kappa coefficient of 97.19. The classified image was
independently tested with an overall accuracy of 99.61% and a Cohen’s Kappa coefficient
of 96.02.

Table 4. Validation of the ANN method.

Model Validation
Common milkweed No common milkweed
Common milkweed 3063 10
No common milkweed 20 631

Independent Testing on New Dataset

Common milkweed No common milkweed
Common milkweed 5583 19
No common milkweed 4 293

The obtained result was rather similar to that of the SVM classification (Figure 6). The
locations of the most infected plots were similar. It was clearly visible that the northern
areas were more infected by the invasive plant. In the southern parts of the study site, the
progression of infection was less advanced, and the seedlings were smaller, less developed,
and less densely spread, likely due to the herbicide control in 2014.
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Figure 6. Results of ANN classification on the whole study area. Here, the green color represents the areas infected by

common milkweed.

Comparing the two delineation methods in more detail, the main differences between
the results become visible (Figure 7). The misclassifications in the case of ANN were less
significant; however, this method encountered the same problems as the SVM classification.
The larger homogenous areas with high reflectance values corresponded to bare sandy
soils, which were the areas with the largest number of false-positive results concerning both
classification methods. The smaller bright areas were similar to milkweed plants on the
aerial images and could easily be confused with the naked eye (Figure 7a). This difference
could be observed throughout the study site, not only in the subset represented in Figure 7.
Furthermore, the ANN could better distinguish full plants of common milkweed and
not only several pixels that were spectrally closer to the core of the plant, as SVM did
(Figure 7b). This is the reason why in Figure 7d, the plots representing the same plant
specimens as in Figure 7c are larger.
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B Results of SVM classification
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Figure 7. Larger subset of the study area with heavy infection by common milkweed plants on a single band of the HS
orthomosaic (a). The results of SVM classification (c) are highlighted with red, and the results of ANN model (d) are
highlighted with yellow shows the differences between the results of the classifications on an example of a single plant (b).

Summing up, the best results were obtained using the SVM classification with a
producer accuracy of 73.6%, and an overall accuracy of 93.0%, while the ANN method
resulted in producer and overall accuracies of resp. 99.92 and 99.19%. False-positive
results were barely presented, and the extent of over-representation was insignificant.
Misclassified pixels were almost exclusively identified in the mixed forest-bush area at the
border of the study area, and in some cases, in the bare soil areas, specifically in the case
of SVM classification. The number of misclassifications concerning open grasslands was
negligible. The spectral profile of the plant confirms the experience of the classification
results. The main reflectance values and the standard deviation of the forest and grass land
cover categories on the study area overlap with the common milkweed class (Figure 8). At
the same time, common milkweed specimens were clearly delineated everywhere so the
classifications can be considered successful.
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Figure 8. Mean reflectance values and standard deviation of principal classes present in the test field, derived from the

hyperspectral data set.

To determine the locations infected by common milkweed the core data sources were
remotely sensed data. High-resolution aerial images to investigate common milkweed
plants can only be acquired in areas that are not covered by the canopy of trees. Con-
sequently, the planted forest areas surrounding our study site with significant common
milkweed infections, were not subject of the current study. Furthermore, UAV devices
capable of producing images with sufficiently high spatial resolution have limitations
regarding coverage. Therefore, this type of research is confined to local scale.

5. Conclusions

In the present local-scale study, we demonstrated that common milkweed could be
successfully identified by analyzing HS images. Considering UAV imagery with centimeter-
accurate field resolution, together with high-precision field reference data, allowed classify-
ing not only various groups of mature specimens but also identifying individual plants.
The SVM classification method achieved an overall accuracy of 92.95% with a few false
positives. The ANN-based model reached an overall classification accuracy of 99.61%.

The main difference between the two methods lies in the capability of the ANN to
identify most of the individual specimens, including the adult and less mature ones. The
problem of false-positive results corresponding to bare soil areas was observed but was
less significant compared to the case of conventional supervised SVM classification. The
proposed techniques proved to be successful in detecting common milkweed on a local
scale. The invasive plant species were delineated with a high accuracy in the study area.

In conclusion, the results of two independent experimental tests relying on differ-
ent methodologies conducted on the same field truth data were comparable. The main
difference between the two outputs was not observed in the open grassland areas that
constituted important surfaces for the classification of common milkweed.
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In the present study, we successfully applied the proposed hyperspectral UAV technol-
ogy from a local-scale perspective to obtain the landscape-scale milkweed density estimates
within the Danube-Tisza Interfluve. Generally, the reduction of milkweed density in ru-
ral ecosystems is an important step for achieving nature conservation goals (according
to Regulations (EU) No 1143/2014 and (HU) No 408/2016 on the prevention and man-
agement of the introduction and spread of invasive alien species). Therefore, large-scale
investigations of common milkweed spreading are designed and piloted to assess trends
in habitat expansion. The results of the present study suggest that the costs associated with
the regional and local sampling programs can be reduced by implementing micro-UAV
systems to facilitate the sampling process. We consider that the proposed techniques can
be successfully implemented for this purpose.

The outcomes of this study could assist in data collection of the vegetation, and
to analyze its recent status. This kind of geographic information can be the basis of
management and conservation practices to prevent future spread of invasive plant species.
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