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Abstract. H. sosnowskyi (Heracleum sosnowskyi) is a plant that is widespread both in Lithuania and 
other countries and causes abundant problems. The damage caused by the population of the plant 
is many-sided: it menaces the biodiversity of the land, poses risk to human health, and causes 
considerable economic losses. In order to find effective and complex measures against this invasive 
plant, it is very important to identify places and areas where H. sosnowskyi grows, carry out a 
detailed analysis, and monitor its spread to avoid leaving this process to chance. In this paper, the 
remote sensing methodology was proposed to identify territories covered with H. sosnowskyi plants 
(land classification). Two categories of land cover classification were used: supervised (human-
guided) and unsupervised (calculated by software). In the application of the supervised method, 
the average wavelength of the spectrum of H. sosnowskyi was calculated for the classification of the 
RGB image and according to this, the unsupervised classification by the program was accomplished. 
The combination of both classification methods, performed in steps, allowed obtaining better results 
than using one. The application of authors’ proposed methodology was demonstrated in a 
Lithuanian case study discussed in this paper. 

Keywords: H. sosnowskyi; Sentinel; image processing; classification; remote sensing 
 

1. Introduction 

Invasive plants have turned into a global intractable problem both in Lithuania and other states. 
One such plant is Heracleum sosnowskyi (H. sosnowskyi). In addition to being a menace to the biodiversity 
of the land, wide spread of said plant causes considerable economic losses and poses a risk to human 
health because the plant provokes the appearance of long-lasting burns on the skin. The H. sosnowskyi is 
an invasive alien species from the Caucasus. It is a biennial or a perennial plant. Its height is usually 
100–300 cm. Flowering typically lasts from June to August [1]. Several botanists consider H. 
sosnowskyi only as the subtaxon of Heracleum mantegazzianum or Hypericum pubescens. Therefore, H. 
sosnowskyi does not appear in the lists of weedy flora of many Western European countries. It was 
described as a separate species by I. Mandenova in 1944 [2]. 

H. sosnowskyi was brought to Lithuania, as well as to Estonia, Latvia, Belarus, Ukraine, Poland, 
and Germany, about 1944–1950 and in the beginning was cultivated as a fodder plant. 

In the Soviet period, some people started cultivating H. sosnowskyi as an ornamental plant in 
their gardens because of its impressive appearance and large inflorescence. For a long time, apiarists 
were sure that bees collected nectar from H. sosnowskyi. In 1958, Wroclaw Medical Academy (Poland) 
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sowed H. sosnowskyi as a medicinal plant [3]. However, when signs of its spread were detected, 
doubts about the benefit of this plant appeared because H. sosnowskyi was found in fields of 17 
districts of Lithuania before the year 1990 and by about 2005, it had already spread almost 
everywhere over Lithuania. In large inflorescences, each plant nurtures tens of thousands of seeds 
annually (the largest plants–even up to 100,000 seeds), interspersing them within the radius of about 
4 meters, so they spread very rapidly. Up to 95% of the seeds remain viable for several years. In 
addition, this plant is difficult to eradicate because it regrows from its roots even after several cuttings 
out. 

Investigations of plant communities with H. sosnowskyi were performed in 2002–2004 all over 
Lithuania [4]. Therefore, Z. Gudžinskas and E. Žalneravičius studied the seeding dynamics and the 
population structure in Lithuania. These results are important from a theoretical point of view and 
can also be helpful in selection of effective measures for management and eradication of H. sosnowskyi 
[5]. In Lithuania, H. sosnowskyi was included in the list of plants harmful for human health that should 
be eradicated [6,7]. Three meters high H. sosnowskyi (and even higher) choke growing of a majority of 
local plants. In the localities where H. sosnowskyi appears once, it soon becomes a predominating plant. 
The causes of rapid spread, invasiveness, and environmental hazardousness of H. sosnowskyi and other 
large hogweeds are bound with the biological and ecological properties of the plant. Changes of the 
landscape caused by the high plants are extremely negative [8]. Data indicate that the invasive species 
of the genus Heracleum can be a serious threat to people living next to them due to their toxicity [9]. 
In Lithuania, H. sosnowskyi usually grows in grasslands, outskirts, and various areas of anthropogenic 
origin of various types (such as waysides, wastelands, abandoned farmlands, quarries, and so on), and 
grows more rarely in forest and shrub communities (tree strata of various compositions and ages). As 
early as in 2000–2005, it was found from the data of the survey research that H. sosnowskyi overgrowths 
of different sizes and densities cover about 10’000 ha in Lithuania. About 80% of the area is formed by 
H. sosnowskyi growing within cultivated grasslands and pastures, abandoned farmlands, former 
outhouses, roadsides, at farmyards, and so on [8]. 

In 2016, this plant was recognized as an invasive plant in the European Union too. So, the 
European Commission initiated the EMPHASIS project (Effective Management of Pests and Harmful 
Alien Species –Integrated Solutions). One of the goals of the project is to find more effective measures 
for the eradication of H. sosnowskyi. 

Nevertheless, prior to applying complex methods in the struggle against this plant, it is very 
important to identify the places and areas where H. sosnowskyi grows, as well as to carry out an 
exhaustive analysis and monitoring of its spread. The place of growing of the plant is a very 
important factor in choosing methods and measures for the eradication of H. sosnowskyi. For example, 
spraying herbicides was found to be an effective method in the struggle against H. sosnowskyi; however, 
it is not applicable everywhere. If precise data on places of H. sosnowskyi are available, the most effective, 
economic, and environmentally friendly method for eradicating this plant may be chosen and applied 
in a complex way. 

The scientists J. Mullerova, P. Pyšek, V. Jarošik, and J. Pergl were assessing the dynamics of the 
plant Heracleum mantegazzianum (which is similar to H. sosnowskyi) from images in the Slovakovsky 
les protected landscape area. They found that information about the population characteristics from 
aerial images was limited by the quality of the photographs; however, some robust patterns over the 
40 years of invasion could be identified [10]. Therefore, not all countries have the aerial images from 
the long period. The technology of remote sensing offers a practical and economical means to study 
vegetation cover changes, especially over large areas. Due to the potential capacity for systematic 
observations at various scales, remote sensing technology extends possible data archives from the 
present time to over several decades back [11,12]. There are two basic processes involved in the 
remote sensing technology: data (space images) processing (photogrammetry stages) and analyses of 
results (GIS stages). The sensing system is classified to the optical (passive) and radar (active) sensors 
and has different imaging mechanisms. The active system uses the solar energy independent of 
atmospheric monitoring and has a better capability of sensing vegetation and soil attributes that are 
dependent on moisture content, thus having immense value in various applications [13]. 
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The authors of this paper focused on the identification of the H. sosnowskyi plant from remote 
sensing sensors, adapted image processing methods, and carried out classification accuracy 
assessments. 

2. Materials and Methods 

2.1. Test Area and Datasets 

The selected research case study was Vilnius District Municipality, near Dirmeitai village 
(Figures 1 and 2), as the majority of abandoned agricultural land, evaluating the total area of each 
municipality, was situated in Vilnius District Municipality [14]. 

In Lithuania, H. sosnowskyi usually grows namely on abandoned lands of agricultural purpose; 
in addition, it outspreads there and causes particularly extensive damage. 

Prior to the investigation, the selected case study’s territory was inspected to make sure that H. 
sosnowskyi abundantly grows there. The real image of the territory near Dirmeitai village was fixed 
in April 2018 when the plants just began sprouting; however, the extant yesteryear stems were 
perfectly visible (Figure 3). 

 
Figure 1. Research area: Vilnius District Municipality [15]. 

 
Figure 2. Research area: Dirmeitai village in Vilnius District Municipality [15]. 
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Figure 3. H. sosnowskyi plants near Dirmeitai village (Lithuania) (Source: authors). 

The remote sensing imaging is a key instrument that captures data about an object or scene 
remotely [4]. They can be identified from spectral features (reflectance or emission regions). Remote 
sensing imagery has a dependence on sensors with different wavelength (waveband) ranges. The 
different wavebands useful for hazard mapping and monitoring, also for land classification (land 
cover mapping), are shown in Table 1. 

Table 1. Applications of different wavebands for hazard mapping and monitoring [16]. 

Wavelength Waveband
mm 

Useful for Example Sensors 

Visible 0.4–0.7 

Vegetation mapping SPOT; Landsat TM; Landsat 7 ETM+; Sentinel 
Building stock 

assessment AVHRR; MODIS; IKONOS 

Population density IKONOS; MODIS; Sentinel 
Digital elevation 

model ASTER; PRISM 

Near infrared 0.7–1.0 
Vegetation mapping 

SPOT; Landsat TM; AVHRR; MODIS; Landsat 
7 ETM+; Sentinel 

Flood mapping MODIS; Sentinel 
Shortwave 

infrared 
0.7–3.0 Water vapor AIRS; Sentinel 

The MODIS near-infrared sensor from the Terra satellite is used for land imaging (Table 1) and 
provides high radiometric sensitivity (12 bit) in 36 spectral bands ranging in wavelength from 0.4 µm 
to 14.4 µm. Two bands are imaged at a nominal resolution of 250 m at nadir, with five bands at 500 
m, and the remaining 29 bands at 1 km. A ±55° scanning pattern at the Earth Observing System (EOS) 
orbit of 705 km achieves a 2.330 km swath and provides global coverage every one to two days [17]. 
The AVHRR sensor image data have two spatial resolutions. They are 1.1 km for local area coverage 
and 5 km for global area coverage. In addition, imagery has a limitation in calibration. The Landsat 
Thematic Mapper (TM) and Enhanced Thematic Mapper (ETM) sensors provide medium spatial 
resolution images (30 m, 60 m) and are used for mapping at community level. All the mentioned 
sensors are not suitable for small areas. The Sentinel-1 SAR (synthetic aperture radar) mission 
supports land cover classification and change detection mapping. Sentinel-2’s MSI (multispectral 
instrument) support land monitoring services and provide spatial resolution (10 m, 20 m, 60 m) 
optical images. The Sentinel-3 IOLCI’s (International Ocean-Colour Coordinating Group, Canada) 
missions are maritime monitoring, land mapping and monitoring, atmospheric monitoring, and 
climate change monitoring. More information about Sentinel sensors is in the official ESA (Europe 
Space Agency, Netherlands) web site [18]. For the experimental part of the investigation, Sentinel 
satellite sensor data were applied. They were high-resolution optical images providing enhanced 
continuity of SPOT (French: Satellite Pour l’Observation de la Terre, English: Satellite for observation 
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of Earth) and Landsat-type data [18]. Sentinel-2 carries an optical payload with visible, near infrared, 
and shortwave infrared sensors comprising 13 spectral bands: 4 bands at 10 m, 6 bands at 20 m, and 
3 bands at 60 m spatial resolution (the latter is dedicated to atmospheric corrections and cloud 
screening), with a swath width of 290 km. The Sentinel data are available by the Copernicus Open 
Access Hub (COAH) Internet site [19] and orthoimage in the Lithuanian Spatial Information Portal: 
www.geoportal.lt. The case study territory (photographed in spring 2018, Figure 2 was analyzed 
using orthophoto images (scale 1:25,000). It was determined that the plant has a different green color 
brightness value in orthoimage, especially during the growing season. For the experiment, the 
Sentinel-2 space images data were downloaded on the following three dates: April, May, and October 
2018. The images made in April 2018 was unsatisfactory due to the cloudiness at the time. The images 
made in May and October 2018 were of a satisfactory quality (Figure 4). The image Sentinel-2A, made 
in May 2018, was selected for the analysis. The Level-2A data included an atmospheric correction 
applied to top-of-atmosphere (TOA) Level-1C orthoimage products. Level-2A’s main output was an 
orthoimage bottom-of-atmosphere (BOA) corrected reflectance product [18]. 

  

(a) (b) 

Figure 4. Data of the study area: (a) Sentinel-2 RGB images (10 m spatial resolution) 10 May 2018; (b) 
Sentinel-2 RGB images (10 m spatial resolution) 18 October 2018. 

The areas covered by H. sosnowskyi had a light green color in the Sentinel-2 image (Figure 4a,b). 
This exceptional fact encouraged us to carry out land cover classification processes for H. sosnowskyi 
identification. Multispectral images with true color composite RGB (red, green, and blue), at 10 and 
20 m spatial resolution were used. The data were processed by software QGIS and eCognition. 

2.2. Data Acquisition 

The principle categories of deriving land cover from remotely sensed images are supervised 
(human-guided) or unsupervised (calculated by software) classification (or segmentation). The 
supervised classification can be automated or performed by manual interpretation. In the manual 
method, the operator is digitalizing the land cover boundaries upon using the GIS system, but these 
data are economically inefficient [20]. The scientists are still searching for new classification methods 
as traditional methods are very expensive [11]. The traditionally used clustering classification 
algorithms K-mean and ISODATA (iterative self-organizing data analysis technique A) involved 
iterative procedures by distance functions Di(x). The distance between pixels in feature space is the 
measure of similarity and is scaled in pixels, radiance, or reflectance. The relative distances may 
change when data are calibrated (digital counts ==> radiance), atmospherically corrected, or rescaled 
in ways that treat different spectral bands differently [20,21]. 
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The K-mean is used to reduce the variability within the cluster. Many variations of the K-means 
algorithm have been developed, but the basic procedure steps are the following [21,22]: 

1. Choose K initial cluster centers Z1, Z2, …, Zk. Distribute the samples among the K-means. 
Samples should be assigned to the class represented by the nearest cluster center (Equation (1)): 𝑋 ∈ 𝑆௜(𝑛)    if     ห𝑋 − 𝑍௜ (௡)ห  ≤  ห𝑋 − 𝑍௝ (௡)ห  

for all j = 1, 2, 3, …, k; 
(1)

Where i ≠ j where 𝑆௜(𝑛) is the set of samples whose cluster center is 𝑍௜ (௡); n indicates that this is the 
nth iteration of this procedure. 

2. Compute new cluster centers for each set 𝑆௜(𝑛). Find a new value for each 𝑍௜. The new cluster 
center 𝑍௜ (௡ାଵ) (Equation (2)) will be the mean of all the points in 𝑆௜(𝑛) such that: 𝑍௜ (௡ାଵ) =  ∑ X௑∈ௌ೔(௡) . (2)

3. Compare 𝑍௜ (௡) and 𝑍௜ (௡ାଵ) for all i. 
Compute the distance between each pair of points for the consecutive iterations. 
The ISODATA algorithm is essentially a refinement of the K-Means algorithm. The specific 

refinements are [20]: clusters that have too few members are discarded; clusters that have too many 
members are split into two new cluster groups; clusters that are too large (too dispersed) are split 
into two new cluster groups; If two cluster centers are too close together then they are merged [20]. 

The cluster variability represents the mean square error of measurement (Equation (3)) [22]: 

( )bzN
DMSE
−

= , (3)

where D—distance between clusters; N—number of pixels; z—number of clusters; b—number of 
spectral bands in the image.  

In the experiment, the region growing algorithm used by the authors allows for the selection of 
pixels similar to a seed one, considering the spectral similarity (spectral distance) of adjacent pixels 
[23]. Land covers are identified by the classes (Table 2). We selected class names—abundance land 
(ID1), H. sosnowskyi land (ID2), forest (ID3), etc. The spectral characteristics of reference land cover 
classes are calculated considering the values of pixels under each of the regions of interest (ROI) 
having the same class ID (or macro class ID). Therefore, the classification algorithm classifies the 
whole image by comparing the spectral characteristics of each pixel to the spectral characteristics of 
reference land cover classes [20]. The example shows the land cover signature classification for a 
simple case of two spectral bands x and y. The spectral regions define three classes (𝑔௔, 𝑔௕, 𝑔௖). The 
point p1 belongs to the class 𝑔௔ and point p2 belongs to the class 𝑔௕. The point p3 is inside the spectral 
regions of both classes 𝑔௕ and 𝑔௖ (overlapping regions). The point p4 is outside any spectral region, 
therefore it will be unclassified or classified according to an additional classification algorithm. 

The authors recommend to use additional classification algorithms [23,24]: 

• Minimum distance; 
• Maximum likelihood; 
• Spectral angle mapping. 

The minimum distance algorithm calculates the Euclidean distance d(x,y) between spectral 
signatures of image pixels and training spectral signatures according to Equation (4) [20,23]: 

𝑑(𝑥, 𝑦) = ඩ෍(𝑥_𝑖 − 𝑦_𝑖)ଶ௡
௜ୀଵ  (4)

here, x—spectral signature vector of an image pixel; y—spectral signature vector of a training area; 
n—number of image bands. 

The distance is calculated for every pixel in the image, assigning the class of the spectral 
signature that is closer, according to the following discriminant function [20,24]. 
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The maximum likelihood algorithm calculates the probability distributions for the classes, 
related to Bayes’ theorem, estimating whether a pixel belongs to a land cover class. In particular, the 
probability distributions for the classes are assumed the form of multivariate normal models [24]. In 
order to use this algorithm, a sufficient number of pixels is required for each training area, allowing 
for the calculation of the covariance matrix. The discriminant function, described by [24] (Equation 
(5)), is calculated for every pixel as: 𝑔௞(௫) = ln 𝑝(𝐶௞) − 12 𝑙𝑛 ቚ෍ 𝑘ቚ − 12 (𝑥 − 𝑦௞)௧ ෍ (𝑥 − 𝑦௞)ିଵ௞  (5)

where 𝐶௞—land cover class k; x—spectral signature vector of a image pixel; 𝑝(𝐶௞)—probability that 
the correct class is 𝐶௞ ; | |∑ 𝑘|—determinant of the covariance matrix of the data in class 𝐶௞; Σk−1—
inverse of the covariance matrix; 𝑦௞—spectral signature vector of class k.  

The spectral angle mapping calculates the spectral angle between spectral signatures of image 
pixels and training spectral signatures. The spectral angle θ is defined as [25] (Equation (6)): 𝜃(𝑥, 𝑦) = cosିଵ ቆ ∑ ௫೔௬೔೙೔సభ൫∑ ௫೔మ೙೔సభ ൯భ/మ∗൫∑ ௬೔మ೙೔సభ ൯భ/మቇ. (6)

The spectral angle goes from 0 when signatures are identical to 90 when signatures are 
completely different [20]. 

In this paper, the authors combined these two categories of classification methods to identify the 
abundant land and H. sosnowskyi land cover in the RGB satellite image. The processing of RGB images 
was carried out using the open source QGIS 3.4.3-Madeira and commercial eCognition Essential 1.3 
software. Four spectral bands with a spatial resolution of 10 m and 20 m were used to search for the 
plant in the H. sosnowskyi’s areas: blue B2 (447.6–545.6 nm), green B3 (537.5–582.5 nm), red B4 (645.5–
683.5 nm), and near infrared (NIR) B8 (762.6–907.6 nm). 

Two categories (supervised and unsupervised) of land cover classification were used for this 
study. The scheme of workflow is presented in the Figure 5. 

 

Figure 5. Work stages in the study area: the result of the first stage of work (supervised classification) 
is the mean spectral signature of the features; the second stage of work results—land cover map. 

3. Results and Discussion 

The supervised classification goes through the following work steps: selection of training areas, 
generation of signature file, and classification of the features. Therefore, we have the mean spectral 
signature of land cover from all bands. In the first stages of the work, the authors were digitalizing 
the land cover boundaries using the GIS system (QGIS software). Land covers separately were 
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identified at the spatial resolutions of 10 m and 20 m in a RGB image from May 2018. The selected 
classes included: abandoned land, forest, pathway, H. sosnowskyi, roads, water, and other land (used 
for agriculture land and building) (Table 2). 

Table 2. The land cover classes. 

Class Identification  Class Name Colour 
ID1 abandoned land  
ID2 H. sosnowskyi  
ID3 forest  
ID4 other land  
ID5 pathway  
ID6 road  
ID7 water  

Results and statistics of classification of 10 m and 20 m RGB images are presented in Figures 6 
and 7. 

 

Figure 6. Results of classification in the 10 m RGB image: (a) RGB image; (b) classification result of 
the land cover classes: abandoned land (light green color), forest (dark green color), agriculture land 
(light grey color), pathway (black color), H. sosnowskyi (inside of blue circle–orange color), road (dark 
grey color), and water (blue color); (c) statistics: spectral signature of features. 
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Figure 7. Results of classification in the 20 m RGB images: (a) RGB image; (b) classification result of 
the land cover classes: abandoned land (light green color), forest (dark green color), other land (light 
grey color), pathway (black color), H. sosnowskyi (inside of red circle) merge with abandoned land 
(light green color), road (dark grey color), and water (blue color); (c) statistics: spectral signature of 
features. 

Results of classification in the 20 m RGB images show that the abandoned land class and H. 
sosnowskyi land class merge in to one feature spectral signature in Figure 7c. The authors of this paper 
took an interest in the mean spectral signature of abandoned land and H. sosnowskyi classes, so these 
land cover classes are highlighted in the summary of the statistical data (Table 3). In addition, 
important indicators (such as spectral angle, Euclidean distance, Bray–Curtis similarity) were 
calculated between the highlighted land cover classes and they show a similarity of the classification 
spectrum between plants (Table 4). 
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Table 3. Classification results: mean spectral signature of features. 

Class Name 
Band 2 
(Blue) 

Average 
Standard 
Deviation 

Band 3 
(Green) 

Average 
Standard 
Deviation 

Band 4 
(Red)  

Average 
Standard 
Deviation 

Spatial resolution 10 m 
Abandoned land 326.25 31.87 795.87 33.95 368.41 70.45 

H. sosnowskyi 336.43 31.21 845.90 38.97 631.46 29.72 
Other land 1005.03 74.75 1405.71 104.91 1798.73 155.88 

Spatial resolution 20 m 
Abandoned land 739.13 75.88 601.50 114.73 601.50 114.73 

H. sosnowskyi 809.21 34.56 379.35 62.44 379.45 62.44 
Other land 1448.19 113.54 1924.65 158.09 1924.65 158.65 

Table 4. The spectral characteristics between classes. 

Classes Names 
Spatial 

Resolution, m 
Spectral 

Angle θ, ° 

Euclidean Distance d(x,y) 
between Spectral 
Signatures, Pixel 

Bray-Curtis 
Similarity *, % 

Abandoned land—
H. Sosnowskyi 

10 11.54 267.96 90.95 
20 14.60 328.46 86.34 

Abandoned land—
Other land 

10 25.72 1696.60 54.00 
20 12.23 2115.80 53.73 

* The Bray–Curtis similarity is calculated as percentage and ranges from 0 when signatures are 
completely different to 100 when spectral signatures are identical. 

The feature classes established in this paper utilizing lands’ mean spectral signature differences 
allowed the authors to identify H. sosnowskyi land invasions (Table 2). In addition, the characteristics 
of the Bray–Curtis similarity between classes is high (90%). The results of different spatial resolutions 
of images have different mean spectral signatures. 

Therefore, the RGB image 10 m spatial resolution (Band 3 (Green)) result—the H. sosnowskyi 
mean spectral signature value 845.90 (Table 3)—was used for the next step of the study: unsupervised 
classification, as shown in Figure 8. The data were processed by software eCognition. The smallest 
segmentation area was 100 pixels (Figure 8a). During unsupervised classification, the mean spectral 
signature (845.9 value) was calculated and the H. sosnowskyi plant classification (Figure 8b) was 
established. We visually observed that the classification result also represents other land class areas. 
Therefore, we split it from the classification results. The other land spectral signature value was 950 
(Figure 8c). 
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Figure 8. Results of classification: (a) segmentation (the smallest segment was 100 pixels); (b) 
classification of H. sosnowskyi value 845.9 (orange color in the map); (c) split other land classes 
classification value 950 (grey color in the map); (d) merged objects classification result (orange color 
feature of H. sosnowskyi). 

H. sosnowskyi and other land classes classified in Figure 8 are presented in the same colors used 
in Table 2. A combination of two applied methods allowed isolating H. sosnowski plant areas. A 
thematic map of the H. sosnowskyi plant, which is currently not available in Lithuania, should be used 
to assess the reliability of the result. Another possible method of result verification is physical land 
inspection and surveying, but it is a very expensive and costly process. 

Applying the authors suggested methodology in this paper, a classification for the whole 
territory of Lithuania should be made and a thematic map of H. sosnowskyi plant developed, which 
is a very significant tool to carry out continuous monitoring of the spread of this plant. 

4. Conclusions 

In Lithuania, Heracleum sosnowskyi is included in the list of plants that induce harmful effects on 
human health and should be eradicated. However, there is evidence that too little attention is paid 
and limited investments are allocated to tackle this problem. 

Applying complex methods of a struggle against H. sosnowskyi, it is highly important to identify 
its habitats and areas, and also to carry out comprehensive analysis and monitoring of its spread. In 
Lithuania, no annual studies on the spread of H. sosnowskyi have been arranged, so the real extent of 
spreading of this plant can only be forecasted. No reliable data and long-time monitoring data on this 
subject are available. This study shows that satellite RGB images can be used for singling out H. 
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sosnowskyi from other classes according to the spectral signature. The authors of the paper hereby 
propose the methodology based on a combination of two methods (supervised and unsupervised) 
classification. The supervised method is applied for singling out the plant according to the mean 
spectral signature. The unsupervised method performs the classification. 

Using the supervised method of satellite images, the classification of the spectral signature of 
secreted plants can be made. The H. sosnowskyi plant in the spring, at the beginning of its growth, has 
a light lettuce color, distinguished from other plants. During the study, the following calculations 
were made from the 10 m spatial resolution satellite Sentinel-2 image, as follows: 

• Mean spectral signature of abundant land—795.87 (average standard deviation ±34);  
• Mean spectral signature of H. sosnowskyi—845.90 (average standard deviation ±39). 

Also, during the same study, the following calculations were made from the 20 m spatial 
resolution satellite Sentinel-2 image, as follows: 

• Mean spectral signature of abundant land—601.50 (average standard deviation ±114); 
• Mean spectral signature of H. sosnowskyj—379.35 (average standard deviation ±62). 

The mean of the standard deviation of the results (±34–39) is minimal, with identification of land 
and H. sosnowskyi plants at 10 m spatial resolution image. Therefore, in the following step of the 
study, the color spectral signature—850—was used for unsupervised classification of H. sosnowskyi 
plants. 

An additional evaluation of the spectral characteristics between H. sosnowskyi and the abundant 
land classes determined that the color similarity between these classes in the 10 m spatial resolution 
image was higher than in the 20 m and it reached 91 percent. The difference when using different 
resolution (10 m and 20 m) images was only 6 percent. Such a small difference indicates that there is 
no significant difference between the 10 m and 20 m resolution images when classifying H. sosnowskyi 
and abundant land classes. However, a resolution image of 10 m can be used to identify the 
distribution of smaller area plants, which at 20 m may be invisible in the image. 

The unsupervised classification was performed according to the set of 850 mean spectral 
signatures. The authors succeeded in isolating H. sosnowskyi plants in the study area by eliminating 
other land classes. A thematic map of H. sosnowskyi plant would be the best method to assess the 
reliability of the study results, however such thematic map is not yet available in Lithuania. An 
alternative method of results verification is land inspection and surveying, however it is a very 
expensive and time-consuming process. The authors’ proposed methodology in this paper can be 
applied for the classification of whole territory of Lithuania, which would help to develop a thematic 
map of H. sosnowskyi plants. The thematic map would help to monitor the spread of this plant and 
initiate the environmental protection control measures. 
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