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Streszczenie 

Lasy górskie w strefie umiarkowanej stanowią unikalne ekologicznie ekosystemy, które 

są szczególnie narażone na zmiany klimatu i ich negatywne skutki. Zmiany opadów 

atmosferycznych, wyższe temperatury czy coraz dotkliwsze susze, mogą znacząco wpływać na 

stan zdrowia oraz zwiększać podatność na zakłócenia i zamieranie lasów górskich. Ciągła 

czasowo-przestrzenna analiza tych lasów jest więc kluczowa, aby zapobiec negatywnym 

skutkom zmian klimatu. Informacje o właściwościach lasów, takie jak skład gatunkowy, wiek 

drzewostanu, struktura czy występowanie chorób są istotne w wielu badaniach, między innymi 

w analizie bioróżnorodności, szacowaniu biomasy i obiegu węgla, monitorowaniu zagrożenia 

pożarowego czy suszy, jak również w celach inwentaryzacji i zarządzania zasobami leśnymi. 

Przykładem ekosystemów leśnych o wyjątkowej wartości ekologicznej są lasy w Karpatach, 

reprezentujące największy w Europie ekosystem lasów strefy umiarkowanej. Skutecznym 

narzędziem do pozyskiwania aktualnych informacji o ekosystemach leśnych są rożnego typu 

satelitarne systemy teledetekcyjne obrazujące powierzchnię Ziemi. 

W ostatnich latach, wraz z uruchomieniem misji Sentinel-2, pojawiły się niespotykane 

dotąd możliwości dokładnej analizy lasów i ich właściwości. Dane Sentinel-2 charakteryzują 

się bowiem wysoką rozdzielczością przestrzenną, spektralną i czasową. Wykorzystując serie 

czasowe Sentinel-2 możliwe jest dokładniejsze rozróżnienie cech drzewostanów takich jak 

skład gatunkowy, a potencjał tych danych, zwłaszcza w badaniach w skalach regionalnych i dla 

obszarów górskich, wciąż nie jest do końca zbadany. Potrzebne jest wypracowanie podejść i 

metod służących automatycznemu przetwarzaniu i analizowaniu tych danych. Jest to 

szczególnie istotne z punktu widzenia opracowywania danych wieloczasowych oraz 

minimalizowania wpływu zachmurzenia na osiągane wyniki, jak również usprawnienia analizy 

i przetwarzania dużych zestawów wielowymiarowych danych. 

Celem niniejszej pracy doktorskiej jest ocena możliwości wykorzystania zdjęć 

satelitarnych Sentinel-2 w określaniu charakterystyki lasów górskich w strefie umiarkowanej. 

Na obszar testowy wybrano Karpaty Polskie, charakteryzujące się znacznym udziałem 

powierzchni leśnych o zróżnicowanym składzie gatunkowym, jak również dużą zmiennością 

warunków środowiska. Podjęto próbę rozpoznania cech drzewostanów takich jak skład 

gatunkowy, wiek, zagęszczenie i zwarcie oraz ich wpływu na charakterystyki spektralne 

drzewostanów zarejestrowane na zdjęciach satelitarnych. Dodatkowo, oceniona została 
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zależność odpowiedzi spektralnej drzewostanów danego gatunku od właściwości środowiska. 

Oceniono, które kanały spektralne i które daty są kluczowe z punktu widzenia identyfikacji 

właściwości lasów. Przetestowano szereg metod służących przetworzeniom i pozyskiwaniu 

informacji z serii czasowych Sentinel-2, takich jak: generowanie zmiennych spektralno-

czasowych, metody uczenia maszynowego (ML; machine learning), ocena ważności 

zmiennych, metody grupowania (ensemble approach), oraz uogólnione modele addytywne 

(GAM; Generalized Additive Models).  

Rozprawa doktorska składa się z trzech artykułów. W pierwszym oceniono przydatność 

gęstych serii czasowych Sentinel-2 (18 obrazów) w klasyfikacji składu gatunkowego 

drzewostanów dla obszaru nadleśnictwa Baligród w Bieszczadach. W drugim artykule 

oceniono trzy metody ML w klasyfikacji składu gatunkowego dla całych Karpat Polskich. W 

ostatnim, trzecim artykule, analizie poddano inne cechy drzewostanów (wiek, zagęszczenie, 

zwarcie) oraz środowiska i ich wpływ na odpowiedzi spektralne poszczególnych gatunków dla 

obszaru wschodniej części Karpat Polskich i Podkarpacia.  

Wyniki przeprowadzonych badań wykazały dużą przydatność serii czasowych Sentinel-

2 w analizach cech lasów górskich. Wykorzystanie wieloczasowych danych z różnych sezonów 

okazało się kluczowe w rozpoznaniu składu gatunkowego lasu i innych właściwości 

drzewostanów. Kanały Sentinel-2 z zakresu biskiej (NIR) i krótko-falowej podczerwieni 

(SWIR), zakresu red-edge, oraz widzialnego czerwonego odegrały największą rolę w 

analizowaniu cech drzewostanów. W klasyfikacji składu gatunkowego z wykorzystaniem 

trzech metod ML: Random Forest (RF), Maszyn Wektorów Nośnych (SVM) oraz Extreme 

Gradient Boosting (XGB), metoda SVM zapewniła najwyższą dokładność klasyfikacji. W 

klasyfikacji składu gatunkowego drzewostanów górskich, oprócz zmiennych spektralnych, 

kluczowa okazała się również wysokość nad poziomem morza. Wyniki najlepszych 

klasyfikacji zostały następnie zintegrowane wykorzystując tzw. metody grupowania (ensemble 

approach), które dostarczyły cennych informacji o precyzji klasyfikacji. W modelowaniu 

relacji między wybranymi cechami drzewostanów i właściwościami środowiska a odpowiedzią 

spektralną drzewostanów, metoda GAM okazała się przydatną techniką, dostarczającą wglądu 

w relacje między predyktorami a zmiennymi zależnymi. Spośród analizowanych cech 

środowiska, największe znaczenie dla zmienności odpowiedzi spektralnych drzewostanów 

liściastych (bukowych) miała wysokość nad poziomem morza, jak również, w mniejszym 

stopniu, ekspozycja stoku. Wysokość nad poziomem morza, która silnie oddziałuje na lokalny 

mikroklimat, ma wpływ na występowanie kolejnych faz fenologicznych, co ma duże znaczenie 
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w analizach drzewostanów liściastych. Wpływ ten był bardzo zróżnicowany w zależności od 

analizowanego kanału i dynamicznie zmieniał się wiosną i jesienią. Z kolei odpowiedzi 

spektralne drzewostanów iglastych w dużej mierze zależały od właściwości takich jak 

zagęszczenie drzewostanu (drzewostany sosnowe) i wiek drzew (drzewostany jodłowe). 

Niniejsza praca stanowi wkład w badania dotyczące wykorzystania zdjęć satelitarnych 

w analizach lasów górskich w strefach umiarkowanych, wykonanych na przykładzie Karpat 

Polskich. Przeprowadzone badania potwierdziły przydatność serii czasowych danych 

satelitarnych w określaniu charakterystyk lasów. Zobrazowania Sentinel-2 są doskonałym 

źródłem informacji o ekosystemach leśnych i nie ma wątpliwości, że w przyszłości dane te 

pomogą monitorować i zrozumieć zmiany w środowisku w szerszych zasięgach 

przestrzennych. Zastosowanie dłuższych, wieloletnich szeregów czasowych Sentinel-2 w 

przyszłych badaniach dostarczy cennych informacji, które posłużą m.in. jako wskaźnik jak 

roślinność reaguje na zmiany klimatyczne. Wypracowane metody i podejścia mogą być 

również z powodzeniem wykorzystane w zarządzaniu i monitoringu lasów i pracach 

związanych z ich inwentaryzacją.  
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Summary 

Temperate mountain forests are ecologically unique ecosystems that are particularly 

vulnerable to climate change and its negative effects. Changes in precipitation, higher 

temperatures, or more severe droughts can significantly affect mountain forest health and 

increase the susceptibility to disturbances and dieback. Monitoring these forests and providing 

information about them is therefore essential to mitigate the negative effects of climate change. 

Information on forest properties, such as species composition, trees age, stand structure, and 

disturbances, is important in a variety of studies, such as biodiversity analysis, biomass and 

carbon estimation, fire and drought risk monitoring, but also in forest management. Carpathian 

forests are an example of forest ecosystems of exceptional ecological value, and they represent 

the largest temperate forest ecosystem in Europe. The use of satellite remote sensing data can 

be an effective tool for acquiring up-to-date information about these ecosystems. 

In recent years, with the launch of the Sentinel-2 mission, unprecedented opportunities 

in analyzing forest characteristics have arisen. The Sentinel-2 imagery is characterized by high 

spatial, spectral, and temporal resolutions, and it enables a more accurate analysis of forest stand 

characteristics. However, the potential of Sentinel-2 data, especially in regional scales and 

mountainous areas, is still not fully explored. There is also a need to develop and test automatic 

processing and analyzing approaches, that will effectively deal with large and high-dimensional 

datasets and mitigate the impact of, e.g., frequent cloud cover on the results.  

This dissertation aimed to evaluate the usefulness of the remote sensing data, 

specifically the time series of Sentinel-2 imagery, in determining temperate mountain forest 

characteristics. The objectives of this dissertation were verified for the area of the Polish 

Carpathians, characterized by a significant share of forest cover and diverse species 

composition, as well as a high variability of environmental conditions. The aim was to identify 

the stand properties, including species composition, age, stand density, and crown closure, and 

their influence on the stand reflectance. Additionally, the relationships between stands 

reflectance and the environmental conditions were assessed. It was evaluated which spectral 

bands and which dates are crucial in determining forest properties. A number of methods were 

tested in this study, including generation of spectral-temporal variables, machine learning 

methods (ML), variable importance assessment, ensemble approach, and generalized additive 

models (GAM). 
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In the first article included in this dissertation, the dense time series of 18 Sentinel-2 

images were assessed in the stand species classification for the area of the Baligród forest 

district in the Bieszczady Mountains. In the second article, three ML methods were assessed in 

the classification of species composition for the entire Polish Carpathians mountains. In the 

last, third article, it was determined how other properties, i.e. stand characteristics and site 

conditions, influence the stand reflectance, for the area of eastern Polish Carpathians and the 

Outer Subcarpathia.  

The results of this dissertation demonstrated the usefulness and versatility of Sentinel-2 

imagery in mapping forest stand species composition and analyzing other forest properties in a 

large, mountainous region. The use of multi-temporal data from different seasons was crucial 

in identifying the species composition and other stand properties. Sentinel-2 bands from the 

near-infrared (NIR), short-wave infrared (SWIR), red-edge, and visible red ranges had the 

highest contribution in analyzing forest species composition and other stand properties such as 

the type of understory vegetation. In the classification of species composition using three ML 

methods: Random Forest (RF), Support Vector Machines (SVM), and Extreme Gradient 

Boosting (XGB), the SVM algorithm provided the highest classification accuracies. In the stand 

species classification of mountainous areas, apart from spectral variables, there was a 

significant role of the elevation layer, with the highest contribution for mapping the species 

following natural height gradients. Combining the results of different models in the ensemble 

approach, provided valuable information on the precision of classification. In modeling the 

relationships between stand and environmental properties and the stand reflectance, GAM was 

a flexible and interpretable method, useful in analyzing the impact of multiple predictor 

variables on stand reflectance. Besides species composition, other factors can significantly 

influence stand reflectance. The influence of elevation, which is strongly coupled with local 

microclimate and therefore, the timing of phenophases, was particularly high in the case of 

beech stands reflectance. This impact differed depending on the analyzed band and dynamically 

changed in spring and autumn. On the other hand, stand reflectance in the case of conifer species 

largely depended on properties such as stand density (Scots pine) and age (Silver fir).  

The results of this dissertation contribute to the research on the use of multi-spectral 

satellite data in the temperate mountain forests analysis, carried out for the test area of the Polish 

Carpathians. The conducted research confirmed the usefulness of the Sentinel-2 time series in 

determining the characteristics of forests. Sentinel-2 imagery is an excellent source of 

information on forest ecosystems, and there is no doubt that in the future, these data will help 
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to monitor and understand the changes in the environment at broad spatial scales. The use of 

longer Sentinel-2 time series in future studies will provide invaluable information, for example, 

that will serve as an indicator of vegetation phenology responses to climate change. The 

methods and approaches developed in this dissertation are ready to be potentially integrated 

into operational programs focused on forest monitoring at the local and regional scales. 
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1. Introduction 
Temperate mountain forests, such as the Polish Carpathians, represent ecologically unique 

ecosystems, which are highly vulnerable to recent climate changes. In recent years, these 

ecosystems have been exposed to changes in precipitation, higher temperatures, or more severe 

droughts, which significantly affect their health and increase the susceptibility to disturbances 

and dieback (Lindner et al., 2010; Millar and Stephenson, 2015). The monitoring of these areas 

is therefore essential in various scientific and operational applications. Precise information on 

forest ecosystems is required, among others, in the assessment of forest condition and 

monitoring disturbances, mapping biodiversity, or estimating of carbon and energy budget 

(Ballanti et al., 2016; Pimple et al., 2017; Wallis et al., 2017). It is essential in forest 

management and can be used in enhancing forest inventories (Satir et al., 2017). Traditionally, 

the forest properties are measured with the use of ground observations, i.e. in situ forest 

inventories, which are, however, very labor-intensive, particularly when mapping large or 

inaccessible sites. Monitoring of forest ecosystems requires data collected systematically, as 

well as multiple times during the growing season in order to capture subtle changes and retrieve 

more detailed information. 

The use of remote sensing data such as satellite imagery offers unique opportunities to 

obtain information on forest properties. It is especially useful in the assessment of inaccessible 

areas, such as mountainous regions, or the areas with a high level of landscape and environment 

heterogeneity. Satellite imagery enables gathering information on forests more frequently and 

in a cost-efficient way (Kangas et al., 2018). In recent decades, the land cover characteristics 

and their changes have been monitored with the use of a variety of satellite sensors characterized 

by different spatial, spectral, and temporal resolutions. Many studies focused on different 

aspects of forest ecosystems, often using Landsat or MODIS data. The examples include forest 

areas mapping (Hansen et al., 2013; Hill et al., 1995), determining age classes (Sader et al., 

1989); estimating forest structural attributes (Cohen and Spies, 1992; Humagain et al., 2017; 

Kahriman et al., 2014); detecting disturbances (DeVries et al., 2015; Griffiths et al., 2014; Tao 

et al., 2019; Verbesselt et al., 2012; Zhu et al., 2012); or mapping forest species composition 

(Mickelson et al., 1998; Schmitt and Ruppert, 1996; Walsh, 1980).  

Although the properties of forests have been broadly analyzed with the use of satellite 

imagery with coarse or medium spatial resolution, there are still some aspects that are not fully 

explored. Particularly, freely accessible data from the Sentinel-2 mission can help to fill this 

gap. Due to the high spectral (13 bands), spatial (10-20 meters), and temporal resolution (up to 
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5 days), Sentinel-2 Multi-Spectral Imager (MSI) offers unprecedented perspectives in mapping 

and monitoring of forest ecosystems (Drusch et al., 2012; Malenovský et al., 2012). With 

Sentinel-2 MSI data, it is now possible to capture more detailed and accurate information, for 

example, on forest species composition, stand properties such as age or structure, or forest 

disturbances (Vaglio Laurin et al., 2016). The high temporal resolution of Sentinel-2 greatly 

increases the probability of obtaining cloud-free images and enables capturing subtle or rapid 

changes in vegetation. Therefore, there is a need to investigate the potential of Sentinel-2 time 

series to improve mapping and monitoring forest properties.  

2. State-of-the-art 
When studying vegetation properties with remote sensing data, multi- or hyper-spectral 

systems are often used. They are composed of bands in the visible, near-infrared (NIR), and 

short-wave infrared (SWIR) regions. In the visible range, the reflectance of healthy vegetation 

is fairly low, with the highest values in the green part of the spectrum, caused by a chlorophyll 

content. Reflectance in the visible part of the spectrum, in general, depends on the pigment 

content (Croft and Chen, 2017). Between visible and NIR waves, in the so-called red-edge (RE) 

region, there is an abrupt change from strong absorption by chlorophyll to high reflectance in 

NIR. RE bands have been reported as useful in deriving chlorophyll content (Gitelson et al., 

1996; Masaitis et al., 2013) and leaf area index (Delegido et al., 2011; Zarco-Tejada et al., 

2018). High reflectance in the NIR region is related to the scattering of leaves and canopies 

(Croft and Chen, 2017; Schultz et al., 2016; Treitz and Howarth, 1999). In the SWIR region, 

the reflectance of healthy vegetation decreases around 1500 nm, and this region is characterized 

by sensitivity to leaf and canopy water content (Roy, 1989; Treitz and Howarth, 1999; Tucker, 

1978), which is related to phenology (Olsen et al., 2013). 

The main driver of forests reflectance variability in various spectral regions is species 

composition. The broad-leaved species are usually characterized by a higher reflectance than 

conifer ones. At the stand scale, the reflectance is a more complex phenomenon that combines 

aspects such as leaf chemical properties, morphology and distribution, as well as canopy 

structure and sizes (Fassnacht et al., 2016; Ollinger, 2011). Therefore, the within-species 

reflectance variability may be high (Leckie et al., 2005). Other drivers of stand reflectance 

variations include the age of a tree, its health status as well as forest structure properties such 

as stand density or crown closure (Fassnacht et al., 2016; Ollinger, 2011; Roy, 1989). 

Importantly, the forest stands reflectance is related to the spatial resolution – with lower spectral 

resolutions pixel may represent a mixture of materials characterized by different spectral 
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properties – both canopies and the background, e.g. understory (Roberts et al., 2004). Finally, 

also environmental conditions may influence the stand reflectance, for example, the elevation-

related temperature can significantly affect the dates of spring and autumn phenophases (Fisher 

et al., 2006; Guyon et al., 2011; Schieber et al., 2009); and site fertility can alter the species 

reflectance (Nilson et al., 2008; Rautiainen et al., 2009). All of the mentioned drivers of stand 

reflectance variability has not yet been fully explored. While the general principles of stand 

reflectance are well researched, more detailed information on patterns in reflectance variability 

over time and space is needed. This information is useful in interpreting remote sensing data 

(Ollinger, 2011), and therefore may be successfully utilized in determining forest characteristics 

such as species composition, stand density, or growing stock volume and biomass (Persson et 

al., 2013; Puliti et al., 2020). 

Another crucial aspect of examining forest properties with the use of satellite imagery, is 

the multi-temporal approach, i.e. using time series of imagery collected during different parts 

of the season. Such seasonal information is of great importance, as phenological changes, 

particularly in temperate forests, exhibit high variability during the year. This variability is more 

pronounced in deciduous species, however, also evergreen species exhibit some variations 

(Rautiainen et al., 2018). These variations during the growing season can increase the spectral 

separability between species and, therefore, increase the possibility of accurately determining 

forest features such as species composition (Sheeren et al., 2016). Furthermore, at the beginning 

of the growing season, there is a possibility to analyze the understory vegetation in forests (Croft 

et al., 2014). Importantly, when analyzing dense time series of satellite imagery, the date of 

image acquisition is of higher importance than the image quantity (Hill et al., 2010). Therefore, 

dense time series should be tested in order to find optimal dates, with regard that they may differ 

depending on the type of forests as well as even small changes in environmental conditions.  

Forest ecosystems were broadly studied with the use of medium and coarse resolution 

imagery, mainly from MODIS and Landsat sensors, in global, continental, regional, and local 

scales. The examples of these studies include mapping forest cover and its changes (Hansen et 

al., 2013); mapping forest species (Mickelson et al., 1998; Schmitt and Ruppert, 1996; Walsh, 

1980) or monitoring of forests disturbances (DeVries et al., 2015; Griffiths et al., 2014; Tao et 

al., 2019; Verbesselt et al., 2012; Zhu et al., 2012). Using data with coarse (250-500m) or 

medium resolution implies difficulties such as the occurrence of mixed pixels, composed of 

many different vegetation or not-vegetated land cover types. With such coarse resolution data 

it may be challenging to precisely determine specific ecosystems properties (Younes et al., 
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2021). In the case of Landsat, the spatial resolution is higher (30 m), but it still may be 

inadequate when studied forest ecosystems are characterized by heterogeneous species 

composition or stand structure. Additionally, the lower temporal resolution of Landsat (8-16 

days) limits the possibility to collect the imagery from the key parts of the growing season 

(Wulder et al., 2019). In recent years, the use of data from the Sentinel-2 mission emerged in 

studies focused on mapping and monitoring forest ecosystems. Sentinel-2 consists of two twin 

satellites, which started operating in 2015 (2A), and 2017 (2B). Both satellites are equipped 

with the MSI sensor which acquires data of high spatial and spectral resolution - four bands in 

10 meters, six bands in 20 meters, and three bands in 60 meters spatial resolution. The spatial 

resolution of ten 10- and 20-m Sentinel-2 bands enables to analyze forests at tree- and stand-

level scales (Rautiainen et al., 2018). In terms of spectral resolution, particularly SWIR and RE 

bands were reported as highly useful in studying vegetation properties (Astola et al., 2019; 

Bolyn et al., 2018; Chrysafis et al., 2017; Grabska et al., 2020b). Furthermore, the two twin 

satellites are characterized with a revisit frequency of 5 days at the Equator, which results that 

at mid-latitudes imagery of each location is acquired once in 2 or 3 days. This high temporal 

resolution facilitates the acquisition of dense time series and near-real-time monitoring of forest 

ecosystems. Sentinel-2 imagery is provided under a free and open-access policy, which, in 

combination with its unique properties, offers great perspectives in studying forest ecosystems. 

Still, the time series of Sentinel-2 imagery were rarely investigated in determining forest 

properties such as species composition, age, or forest structure. The benefits of two Sentinel-2 

SWIR and three RE bands should be especially evaluated. The application of Sentinel-2 data 

across broader spatial scales, characterized by species heterogeneity and variability of 

environmental conditions is still scarce, particularly for the large, mountainous regions.  

The multi-spectral imagery has been also broadly used in the analysis of the Polish forests 

in the last decades. For example, Landsat Thematic Mapper (TM) data have been used in studies 

focused on forest health and disturbances (Bochenek et al., 1997; Bychawski et al., 1988; 

Wiśniewska and Zawiła-Niedźwiecki, 2004), or classifying forest types (Przybyszewska et al., 

1999; Wiśniewska and Zawiła-Niedźwiecki, 1998). Among studies with the use of Landsat data 

carried out on the Polish forests, several were related to the Polish Carpathians, for example, 

focused on forest cover changes (Kozak et al., 2008, 2007). Additionally, the area of the 

Carpathians has been studied by German researchers using Landsat data, for example in 

analyzing forest disturbances (Griffiths et al., 2014) or monitoring forest biomass change in the 

Beskidy Mountains (Main-Knorn et al., 2013). Regarding Sentinel-2 imagery, the first studies 
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on forests conducted for the area of Poland showed its potential in mapping tree cover 

(Mirończuk and Hościło, 2017), and in determining the areas of forest damage caused by 

hurricanes (Hościło and Lewandowska, 2018). Besides that, Sentinel-2 has been used in such 

aspects of forests as mapping forest succession (Szostak et al., 2018), trees defoliation 

estimation (Hawryło et al., 2018), and forest disturbances (Grabska et al., 2020b). In species 

composition mapping, the first study confirmed the high utility of Sentinel-2 in mapping forest 

species composition in the Polish Carpathians (Hościło and Lewandowska, 2019). However, to 

my knowledge, Sentinel-2 imagery has yet not been used in analyzing other stands properties 

in the Polish Carpathians.    

When studying mountainous regions with satellite imagery, the topography effects makes 

it difficult to interpret data properly due to high reflectance variations (Pimple et al., 2017). 

Also, in these regions, there are significant differences in the timing of phenophases mainly 

related to elevation (Schieber et al., 2013). Still, even considering the high temporal resolution 

of Sentinel-2, the frequent cloud cover in mountainous areas may cause long gaps in the time 

series of images. It may be particularly problematic during spring and autumn, i.e. the seasons 

when the most rapid changes in vegetation take place. Therefore, some new approaches are 

needed to overcome these challenges. One of them is to use spectral-temporal metrics (STM), 

which include crucial information on phenology (Müller et al., 2015). STMs are descriptive 

statistics, such as mean, standard deviations, minimum or maximum values, calculated 

separately for each band from all clear sky observations over a specified period (Müller et al., 

2015). Another useful technique when dealing with frequent cloud-cover is to employ Best 

Available Pixel (BAP) composites, consisting of an optimal observation selected within a 

defined time. For each observation, a score based on cloud conditions and seasonal suitability 

is calculated, and the one with the highest total score is included in the BAP composite (Frantz 

et al., 2017; Griffiths et al., 2013). In the mountainous areas, to increase the accuracy of forest 

stand composition mapping, another approach is to include environmental variables such as 

elevation above sea level or slope (Mickelson et al., 1998; Ren et al., 2009; Young et al., 2017). 

Utilizing the dense time series of Sentinel-2 data, consisting of different spectral-temporal 

variables, and, additionally topographic, or climatic data, implies some new difficulties, 

particularly when the studied area is large. The use of large and high-dimensional datasets 

require developing and employing automatic and efficient processing algorithms, regarding the 

acquisition of information on forest ecosystems. The careful consideration of available methods 

and their testing is crucial - for example, the use of large, high-dimensional datasets may require 
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applying variable importance or feature reduction algorithms. These techniques may help to 

reduce the size of datasets and avoid problems such as overfitting and pinpoint the most 

important variables (Georganos et al., 2018; Maxwell et al., 2018). In the classification of 

satellite imagery, currently, the most popular methods include machine learning (ML) 

algorithms, as they can effectively handle complex and high-dimensional data (Lary et al., 

2016; Maxwell et al., 2018). Although they usually provide high accuracies, the performance 

of different algorithms may differ depending on the study area characteristics, considered 

classes, training data and, predictor variables (Lawrence and Moran, 2015; Maxwell et al., 

2018; Wessel et al., 2018), therefore, different ML algorithms should be tested. When 

modelling regression problems, for example, in analyzing relationships between forest 

properties, site conditions, and the stand reflectance, ML algorithms can be used as well. 

However, the interpretation of their results may not always be straightforward, as in some cases 

decision rules are unknown. In addition, the ML algorithms are usually computationally 

intensive (Gómez et al., 2016). In comparison, regression models such as Generalized Additive 

Models (GAM) are also characterized by high flexibility, but they can provide interpretable 

results, i.e. it is easy to assess the influence of each predictor on the response variable (Larsen, 

2015). Therefore, such methods should also be tested when studying the time series of Sentinel-

2 data in deriving forest properties. 

Accordingly, the main aim of this dissertation was to examine the usefulness of the remote 

sensing data, specifically Sentinel-2 multi-temporal imagery, in determining temperate 

mountain forests properties, i.e. stand species composition as well as other forest characteristics 

and environmental conditions influencing the stand reflectance. The specific objectives were: 

1) Assessment of dense time series from Sentinel-2 in the forest stand species mapping 

and analyzing the species spectral-temporal patterns (Paper 1); 

2) Evaluation of spectral-temporal metrics and environmental variables importance in 

forest stand species classification (Paper 2); 

3) Assessment of machine learning methods and ensemble approach in the classification 

of forest stand species in large areas (Paper 2); 

4) Determination of how other properties can influence the stand reflectance, namely site 

conditions, forest structure and age, and understory vegetation (Paper 3); 

5) Assessment of which spectral bands and which dates from the growing season are 

crucial in mapping forest species composition and other forest properties (Papers 1 & 2 

& 3). 
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The objectives of this study were verified for the area of the Polish Carpathians mountains 

(Figure 1). The evaluation of the objectives required testing of a variety of methods including 

downloading and pre-processing of imagery, pre-processing of reference data, variable 

importance assessment methods, machine learning classification algorithms, ensemble 

approach, Generalized Additive Model regression, and accuracy assessment. Most of the 

processing and analysis was conducted in open-access software (R and FORCE).  

3. Study area 
The Polish Carpathians are characterized by diversified environmental conditions (elevation 

ranging from 300 to 2499 m a.s.l.), and diverse forest species composition (Balon et al., 1995; 

Grodzińska and Szarek-Łukaszewska, 1997). The forest cover in the Polish Carpathians 

exceeds 40% (Griffiths et al., 2014). Dominant species here are common beech (Fagus 

Sylvatica), silver fir (Abies alba), and Norway spruce (Picea abies). Other species include Scots 

pine (Pinus sylvestris), alder (Alnus sp.), European hornbeam (Carpinus betulus), aspen 

(Populus tremula) and silver birch (Betula pendula, Godzik and Grodzińska 2008).  

 

Figure 1 Study areas in this dissertation: purple area – Baligród Forest District (first part of the 

dissertation), green dashed – Polish Carpathian mountains (second part), red dashed- Eastern 

Polish Carpathians, Carpathians foothills, and the Outer Subcarpathia region (third part).  

4. Methodology and results 
In the first part of this dissertation, i.e. article entitled Forest Stand Species Mapping Using 

the Sentinel-2 Time Series (Grabska et al., 2019), dense time series of 18 Sentinel-2 images 

were used in mapping forest stand species composition in mountainous forests located in the 

Bieszczady Mountains (Baligród Forest District; 305 km2). It was one of the first studies 

conducted with the use of such a dense series of Sentinel-2 imagery. The start of operation of 
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the second Sentinel-2 satellite in 2017 enabled acquiring denser time series of imagery. 

Therefore, an unprecedented opportunity to explore the potential of such a time series and 

evaluate the contribution of seasonal information on vegetation has arisen. Data were collected 

during the entire growing season, i.e. from the beginning of April to the beginning of November 

in the year 2018. In total, nine tree species were analyzed: common beech, silver birch, 

European hornbeam, silver fir, sycamore maple, European larch, grey alder, Scots pine, and 

Norway spruce. The reference data on the examined species were collected from the Forest 

Data Bank and further automatically and visually inspected to ensure reliability and robustness 

of classification. In order to assess the importance of variables – both in terms of which spectral 

bands and time of the year contribute to the species classification, the variable importance was 

calculated using mean decrease in accuracy (MDA) and mean decrease Gini (MDG) techniques. 

In the next step, the phenological patterns, i.e. spectral signatures for each species were 

produced to analyze the differences in reflectance between species during the growing season. 

Finally, these two steps were used to select the best combinations of images that served as an 

input for forest stand species classification. In this step, the Random Forest (RF) algorithm was 

used. It is a commonly-used, ensemble classifier, consisting of a combination of decision trees 

(Breiman, 2001). The obtained stand species maps were assessed in terms of overall accuracy 

(OA), producer´s and user´s accuracies, and confusion matrixes. The analysis was performed 

in R software using packages: raster (Hijmans, 2019), RStoolbox (Leutner et al., 2019), and 

randomForest (Liaw and Wiener, 2002). 

The results of the first paper showed the high potential of multi-temporal imagery from 

Sentinel-2 in forest stand species mapping. The use of imagery from the different seasons 

(spring, summer, autumn) significantly improved classification accuracy, and the maximum 

OA achieved 92.38%. The imagery acquired at the turn of April and May, and in the middle of 

October had the highest contribution to accurate species classification. Interestingly, the spring 

imagery was more important for mapping conifer species, while the autumn images improved 

the accuracy of broad-leaved species classification. In some cases, the differences in phenology 

occurring just within a few days (e.g. two images acquired on October 14th and 17th), may be 

crucial in distinguishing stand species, particularly broad-leaved ones. The spectral regions 

which provided the highest contribution to the species discrimination included SWIR, red-edge, 

visible blue, and visible red bands.  

In the second part of this dissertation, the article entitled Evaluation of machine learning 

algorithms for forest stand species mapping using Sentinel-2 imagery and environmental data 
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in the Polish Carpathians (Grabska et al., 2020a) - three dates (April 15th, July 15th, October 

15th) were selected for the forest stand species classification based on the results of the first 

study. The research was conducted for the entire area of the Polish Carpathians (i.e. area of 

19,830 km2). Regarding the study site, it was the first study carried out for such a large and 

highly diverse area, both in terms of environmental conditions and species composition.  

For analyzing such large mountainous areas, several challenges have arisen, i.e. how to 

account for diverse conditions, heterogeneous species composition, and spatial differences in 

phenology, as well as how to generate good-quality predictive variables from Sentinel-2 

imagery. In this research, three Best Available Pixels (BAP) composites, eight spectral-

temporal metrics (STM), and four environmental variables (elevation, slope, aspect, and 

distance to water bodies) were assessed in forest stand species classification. The BAP and 

STM composites were produced using FORCE software (Frantz, 2019). In total, 114 variables 

were analyzed, and due to the high dimensionality of this dataset, testing feature 

reduction/variable importance techniques was required. This step was important from the point 

of view of avoiding model overfitting, simplifying the statistical problems, reducing processing 

time, and, finally, improving classification accuracy (Genuer et al., 2015; Georganos et al., 

2018; Maxwell et al., 2018). Two methods of variable importance assessment were used, 

namely Variable Importance Assessment Using Random Forest (VSURF) and Recursive 

Feature Elimination (RFE). The reduced datasets from this step were further used as an input 

for stand species classification.  

One of the main objectives of this study was to evaluate three machine learning algorithms 

in species classification, namely RF (which was successfully used in the first paper), Support 

Vector Machines (SVM), and novel, Extreme Gradient Boosting (XGB) algorithm. To achieve 

the highest performances of used machine learning models, extensive hyper-parameter 

optimization was performed prior to the classification process. Additionally, the novel aspect 

of this study included the use of the ensemble approach, i.e. combining the best-performing 

classification. In this step, two maps were produced based on the best five classifications: 

ensemble stand species map (for each pixel the most frequent class was assigned), and Simpson 

index map (SI; Simpson 1949), which showed classification precision for each pixel indicating 

where five models agreed. The area-adjusted accuracy assessment of all obtained maps was 

performed (Olofsson et al., 2014). The variable importance assessment, classification, ensemble 

maps, and accuracy assessment were performed in R using the following packages: raster 

(Hijmans, 2019), VSURF (Genuer et al., 2018), caret (Kuhn et al., 2019), RStoolbox (Leutner 
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et al., 2019), kernlab (Karatzoglou et al., 2004), randomForest (Liaw and Wiener, 2002), and 

xgboost (Chen et al., 2019). 

The results of this study demonstrated the potential of Sentinel-2 data in mapping forest 

stand species composition in large, mountainous areas. The stand species map with the highest 

overall accuracy was obtained using SVM algorithm and yielded OA above 85%. The 

importance assessment step indicated the significant role of the elevation layer, with the highest 

contribution to mapping the species following natural height gradients, such as hornbeam, oak 

(occurring at lowest elevations), and spruce (occurring at highest elevations). The results of 

variable importance assessment confirmed the high importance of seasonal BAP composites, 

particularly in mapping broad-leaved species. Similarly as in the first chapter of this 

dissertation, SWIR, visible red, and red-edge bands were amongst the most important variables 

in species classification. On the other hand, the contribution of STM to species classification 

was not so straightforward. Still, using only average pixel values (i.e. 10 variables), the obtained 

map achieved 77% of overall accuracy, which is very promising taking into account the small 

size of this dataset. The classification results differed depending on the used ML algorithm, 

with the SVM achieving the highest overall accuracies in almost all cases, RF - the lowest, and 

XGB – moderate. The ensemble approach provided very valuable insights of the classification 

precision. The areas with lower forest cover, such as foothills and basins, were characterized 

by the lowest classification precision, which was also a problem in the places with the lack of 

good quality imagery. On the other hand, the highest precision occurred in the areas with 

homogeneous species composition and high forest and canopy cover. It indicates that large 

forest areas with homogenous species composition are easier to classify accurately, while 

heterogeneous stands may be more problematic.  

Finally, in the third part of this dissertation, Evaluating the effect of stand properties and 

site conditions on the forest reflectance from Sentinel-2 time series (Grabska and Socha, 2021), 

I analyzed the influence of other factors including site conditions and forest properties, on stand 

reflectance. The analysis was conducted for the eastern part of the Polish Carpathians, 

Carpathians foothills, and the Outer Subcarpathia region (13,000 km2). A comprehensive 

analysis including seven different environmental and forest properties was performed, namely 

elevation, slope, aspect, stand density, crown closure, trees age, and type of understory 

vegetation. This evaluation was performed for three different species: common beech, silver 

fir, and Scots pine using Sentinel-2 imagery acquired for sixteen dates in 2018 and 2019. The 

novelty of this study was the simultaneous consideration of the influence of several different 
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aspects - site conditions, stand structure and age, as well as the type of understory vegetation 

on both deciduous and coniferous stands reflectance. In the first step, the effect of each 

examined stand or site property was preliminary analyzed using correlation matrices and visual 

analysis of scatterplots. Then, the most important variables for the selected dates and bands 

were fitted into regression models. The analysis was performed using GAMs, which, in 

comparison to machine learning methods used in the second study, are not so complex but are 

characterized by interpretability and high flexibility (Larsen, 2015; Wood, 2017). Both single 

and multiple GAM models were fitted and their performance was evaluated using the adjusted 

coefficient of determination (R2). The analysis was performed in R using package mgcv (Wood, 

2017). 

The results showed that besides species composition, other factors can significantly 

influence stand reflectance. The strength of the relationships between stand and site properties 

and reflectance differed depending on the analyzed species and the time of the year. In the case 

of broad-leaved, common beech stands, the influence of an elevation was the most pronounced 

during spring and autumn, as it strongly affects the phenophases timing. The impact of elevation 

on the reflectance of beech stands changed very dynamically in spring and autumn, which once 

again confirmed the high importance of using dense time-series in monitoring forest properties. 

The  strongest relationships were found in the RE and NIR bands. Another environmental 

variable with a slight but noticeable impact on beech stands reflectance, observed mostly in the 

spring, was the aspect. Furthermore, the share of the broadleaved understory, and, during 

summer, the age of trees slightly influenced beech stands reflectance. On the other hand, 

reflectance of conifer-dominated stands was characterized only by a slight impact of 

environmental conditions, while the much higher impact of stand properties. Trees age was the 

main driver of silver fir stands reflectance variability - higher reflectance characterized younger 

stands in all examined bands. In the case of Scots pine stands, stand density was the most 

important driver of reflectance changes. Interestingly, again, the SWIR region turned out to be 

very useful, particularly when analyzing the impact of understory vegetation on the stands 

reflectance, which was observed in beech and pine stands.  

To sum up, general conclusions from the dissertation are: 

 In precise mapping forest species composition and other stand properties, the use of 

multi-temporal imagery is crucial, 
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 Sentinel-2 SWIR, red-edge and visible red bands have the highest contribution to 

analyzing forest species composition and other stand properties such as the type of 

understory vegetation, 

 SVM algorithm provides the highest accuracies when mapping species composition for 

a large, diversified area of the Polish Carpathians, however, testing different ML 

approaches is recommended, 

 The of use ensemble approach, i.e. combining the results of different models, provides 

valuable information on the precision of classification, therefore is also recommended, 

 GAM regression is a flexible but interpretable method, useful in analyzing the impact 

of multiple predictor variables on stand reflectance, 

 The influence of elevation, which is strongly coupled with local microclimate and 

therefore, the timing of phenophases, is very high on beech stands reflectance, 

 Stand reflectance in the case of conifer species largely depends on properties such as 

stand density (Scots pine) and age (Silver fir). 

5. Conclusions  
The comprehensive evaluation performed in this PhD thesis has demonstrated the versatility 

and usefulness of Sentinel-2 imagery in mapping forest stand species composition and 

analyzing other forest properties in a large, mountainous region. This thesis included one of the 

first studies conducted with such dense time series of Setninel-2 imagery in species mapping 

(Paper 1), the first stand species classification conducted for such large and diversified area 

(Paper 2), and the first study considering several different drivers of stands reflectance 

variability (Paper 3). The study provides several insights into the use of satellite imagery from 

Sentinel-2 in the analysis of temperate mountain forests. In the first paper, high-quality forest 

stand species maps of approx. 92% of overall accuracy were obtained with the use of Sentinel-

2 time series. Imagery from different seasons significantly improved classification, and 

especially spring and autumn data contributed to species spectral distinction. For significantly 

larger area, studied in the second paper, the use of Sentinel-2 derived spectral-temporal metrics 

and elevation layer allowed to classify forest stand species with accuracy of 85%. SVM 

outperformed two other ML algorithms in this classification and ensemble approach provided 

valuable information on classification precision. In both papers, particularly the visible red, RE, 

and SWIR bands contributed to the forest stand species mapping. Also, Sentinel-2 RE, NIR and 

SWIR bands were highly effective in evaluating the impact of forest and site properties on 

stands reflectance which was studied in the third paper. The influence of elevation, which is 
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strongly related to the occurrence of phenophases, was the main driver of beech stands 

reflectance, and was observed mainly in the visible, RE and NIR bands. In the case of conifers, 

trees age and stand density were of higher importance, and the influence of these factors on 

stand reflectance was observed particularly in RE and NIR bands. Additionally, the type of 

understory vegetation influenced reflectance of pine and beech stands, especially in the SWIR 

region. These drivers of stands reflectance, besides species composition, should be taken into 

consideration in future studies, especially when analyzing broader spatial scales with a high 

environmental variability or different forest management practices.  

When working with large datasets of Sentinel-2 data, the used methodology should be 

carefully considered, with respect to the analyzed problems and specifics of the study sites. 

Suitable methods of pre-processing Sentinel-2 data, including cloud masking or compositing 

techniques should be applied to avoid errors and provide reliable results. Reference data of the 

highest quality should be prepared. In addition, when analyzing large datasets, appropriate 

methods of variable importance or feature reduction should be employed, to avoid model 

overfitting, shorten the processing time and improve accuracy of obtained results.  It should be 

kept in mind that most of the mountain forests stands in temperate zones are composed of 

different species, with different age classes and understory vegetation. In such stands, the 

spectral responses are influenced by integrated effects resulting from a variety of structural and 

environmental factors. Due to the high heterogeneity of forests, even the pixel size of Sentinel-

2 may be of insufficient size in some cases. The analyzing of, for example, single trees can be 

inconvenient with these data. Other problem which should be taken into consideration in 

analysis with Sentinel-2, is the mis-registration of pixels (Grabska et al., 2020b; Lewinski et 

al., 2017; Yan et al., 2018), which may be particularly problematic when using multi-temporal 

approach. Furthermore, it should be taken into consideration that there are ongoing changes in 

forest ecosystems in temperate zones. Forest ecosystems are disturbed due to climate change, 

more frequent droughts, and bark beetle infestations. These processes can significantly alter the 

trees and stands reflectance, which may hamper accurate species classification and precise 

analyzing of other forest properties.  

Despite these limitations and uncertainties resulting from both specifics of Sentinel-2 

imagery and the characteristics of studied sites, Sentinel-2 is a great source of information on 

forest ecosystems. There is no doubt that these data will help to monitor and understand the 

changes in the environment at broad spatial scales. Freely and openly available Sentinel-2 

imagery with a combination of open-source software like R enable reproducibility of  the 
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conducted research, and these approaches are ready to be potentially integrated into operational 

programs focused on forest monitoring at the local and regional scales. Performed research and 

the obtained results indicate that the use of longer Sentinel-2 time series in future research will 

provide an invaluable information, for example, that will serve as an indicator of vegetation 

phenology responses to climate change. Furthermore, accurate and up-to-date information from 

Sentinel-2 is excellent data for improving forest inventories. The methods of its automatic 

processing and analyzing should be further developed, tested and improved. 
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Abstract: Accurate information regarding forest tree species composition is useful for a wide range of
applications, both for forest management and scientific research. Remote sensing is an efficient tool for
collecting spatially explicit information on forest attributes. With the launch of the Sentinel-2 mission,
new opportunities have arisen for mapping tree species owing to its spatial, spectral, and temporal
resolution. The short revisit cycle (five days) is crucial in vegetation mapping because of the reflectance
changes caused by phenological phases. In our study, we evaluated the utility of the Sentinel-2 time
series for mapping tree species in the complex, mixed forests of the Polish Carpathian Mountains.
We mapped the following nine tree species: common beech, silver birch, common hornbeam, silver fir,
sycamore maple, European larch, grey alder, Scots pine, and Norway spruce. We used the Sentinel-2
time series from 2018, with 18 images included in the study. Different combinations of Sentinel-2
imagery were selected based on mean decrease accuracy (MDA) and mean decrease Gini (MDG)
measures, in addition to temporal phonological pattern analysis. Tree species discrimination was
performed using the Random Forest classification algorithm. Our results showed that the use of
the Sentinel-2 time series instead of single date imagery significantly improved forest tree species
mapping, by approximately 5–10% of overall accuracy. In particular, combining images from spring
and autumn resulted in better species discrimination.

Keywords: Sentinel-2; forest; time series; Random Forest; Polish Carpathians

1. Introduction

Forest species mapping is crucial for forest management, monitoring of forest disturbances, habitat
and biodiversity assessment, as well as carbon cycle and energy budget estimation [1–3]. The use of
the latest remote sensing data and methods, whether passive or active, can provide useful information
regarding forest stand species composition, and, in comparison to conventional field studies, requires
less time and enables the study of large and inaccessible areas [2,4,5].

To date, multispectral imagery has been the most commonly used data in forest species composition
mapping studies, particularly imagery from the Landsat missions [6–8]. However, the use of
medium spatial resolution remote sensing data such as Landsat imagery is challenging, especially
in heterogeneous forests, owing to the occurrence of mixed pixels [9–11]. Therefore, in many cases,
medium or low spatial resolution data have been used mostly for mapping broad forest types [12,13],
without detailed analyses of tree species composition [14–16].

Other remote sensing data that are used in forest species mapping are hyperspectral imagery
or light detection and ranging (LiDAR) data. Hyperspectral sensors, which monitor the Earth’s
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surface in contiguous and narrow bands, allow the capture of the biochemical composition of
vegetation [2,9]. They provide a significant level of detail; therefore, in many studies, hyperspectral
data has outperformed multispectral imagery [1,4,17]. However, from a broad set of wavebands,
the optimal set must be selected [18] because most bands are highly correlated [9]. Furthermore,
greater computational power is required for processing hyperspectral imagery [19]. Multispectral and
hyperspectral data are often combined with LiDAR data [20,21]. When combining multispectral images
with LiDAR data, it is possible to achieve high accuracies (above 90%) in vegetation mapping [22].
In addition, terrestrial laser scanning is used for tree species classification and provides very detailed
information about forest structure [23]. Although LiDAR and hyperspectral data possess high potential
for species classification, their operational use is restricted owing to limited availability and high
acquisition costs [3,24], and the applicability of these data in a regional or global scale is still limited [25].
Therefore, optical multispectral data are often considered a good alternative to LiDAR data [26].
Currently, radar (synthetic aperture radar) data are used in tree species mapping, particularly for the
determination of broad-leaved forest types [2]. Considering a variety of spatial resolutions of imagery
used in the classification process, forest species composition can be mapped at several scales. With the
use of very high-resolution imagery, it is possible to separate individual trees or even leaves [27].
However, when using very high spatial resolution imagery, the spectral responses of individual trees
are affected by differences in canopy illumination and background signal [28]. Therefore, in vegetation
studies covering large geographical areas, relatively dense and freely available multispectral imagery
such as Sentinel-2 appears to be the best solution [10], and new approaches are required.

In forest tree species classification studies using multispectral imagery, the key issue is the
multi-temporal methodology applied [6,29]. The general assumption is that phenological variations
can increase the spectral separability between tree species; variations in reflectance caused by the
phenological cycle can help in the accurate mapping of forest tree species [3]. The majority of studies
on the phenology of forest trees refer to leaf seasonality [30], which includes the main phenophases
such as budburst, leaf unfolding, autumn coloring, and abscission [31]. For conifers, needle appearance
is an indicator of the beginning of growth; however, there is no obvious phenological phase during
autumn [32]. On the contrary, seasonal variations in photosynthetic efficiency in deciduous trees
are the most noticeable during autumn—the process of senescence connected to the change of leaf
colors [33]. However, for some species the differences are difficult to capture; for example, hornbeam
and common beech are characterized by very similar phenological phases [34]. Many studies have
shown that the use of multi-temporal imagery allows the achievement of higher accuracies in mapping
forest species than those produced using a single image [3,9]. However, combining individual images
that achieve the highest accuracies does not necessarily lead to a high accuracy of the classification with
combined images, and the timing of image acquisition is more important than the image quantity [35].
One of the newest optical satellite missions, Sentinel-2, can significantly improve forest mapping [36].
The Sentinel-2 sensor, MultiSpectral Instrument (MSI), acquires data in, among others, three red-edge
bands, which are very useful in providing information about vegetation, e.g., chlorophyll content [37,38].
Furthermore, the repetition cycle of Sentinel-2A and its twin satellite Sentinel-2B is five days [39].
This short repetition cycle provides an opportunity to acquire dense time series imagery. Regarding
tree species classification using Sentinel-2 data, in a study by Immitzer et al. [39], one of the earliest
Sentinel-2A image acquisitions from 2015 was used to classify tree species. These authors achieved a tree
species classification overall accuracy (OA) of 65% and highlighted the importance of the acquisition
date. They also concluded that the spatial resolution of Sentinel-2A images may be insufficient for
the classification of heterogeneous forests with fragmented species distribution and recommended
combining these images with high-resolution data. Karasiak et al. [40] evaluated the potential of
11 Sentinel-2A images for the classification of tree species in southwest France and obtained OAs of
classification above 90%. They highlighted the requirement for further studies of forest tree species
mapping with the use of Sentinel-2 data and the assessment of imagery contribution from certain dates.
Persson et al. [41] used four Sentinel-2 images to classify five forest tree species. They remarked that
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there is a requirement to undertake further studies of more dense time series of Sentinel-2 imagery
including data from spring and autumn. Furthermore, Wessel et al. [42] conducted a study confirming
the potential of Sentinel-2 data for forest species analysis. Above-mentioned studies were performed
on relatively small and flat areas.

Thus, the main aim of the present study was to evaluate the performance of dense Sentinel-2
time series from spring, summer, and autumn in forest tree species mapping in a more challenging
environment, i.e., mountainous area. We assessed which Sentinel-2 time series combinations were
adequate for performing forest stand species classification with high accuracy (>90% of OA) and which
image acquisition dates and Sentinel-2 bands contributed the most to the OA. In addition, we analyzed
temporal phenological patterns of nine tree species occurring in the study area.

2. Materials and Methods

2.1. Study Area

The study area is in the northern, Polish part of the Carpathian Mountains (Figure 1).
Woodlands cover approximately 41% of the Polish Carpathians and are dominated by common
beech (Fagus sylvatica), silver fir (Abies alba), and Norway spruce (Picea abies) [11,43]. The proportions
of these three forest-forming species in the overall species composition is different in various parts of
the Polish Carpathians. In the western part, the forests are dominated by Norway spruce and species
diversity is low. Forests in the eastern part of the Polish Carpathians are characterized by a high
percentage of common beech and silver fir [44]. Owing to the complex characteristics of tree species
composition in the Polish Carpathians, the study site contained a diversified species composition,
named the Baligród Forest District (Figure 1). The Baligród Forest District covers an area of 305 km2 and
is in the Bieszczady Mountains in the eastern part of the Polish Carpathians. Forests here are dominated
by common beech and silver fir. Other common tree species are grey alder (Alnus incana), Scots
pine (Pinus sylvestris), sycamore maple (Acer pseudoplatanus), and Norway spruce. Rare species here
include European larch (Larix decidua), European ash (Fraxinus excelsior), silver birch (Betula pendula),
and European hornbeam (Carpinus betulus) [45]. The elevation above sea level ranges from 375 to
1070 meters a.s.l.
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2.2. Data Collection and Preprocessing

In the present study, we used freely available Sentinel-2 images (Level-2A product–Bottom
of Atmosphere (BOA) reflectance; tile number T34UEV) downloaded from the Copernicus Open
Access Hub (https://scihub.copernicus.eu/). We used 18 topographically-corrected images distributed
irregularly over the study period with no or very limited cloud cover (less than 10% of the studied
forest district; Figure 2). We selected all bands with 10 and 20 m spatial resolution (Sentinel-2 bands: 2,
3, 4, 5, 6, 7, 8, 8a, 11, and 12).
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Training and validation data on tree stand species composition were acquired from the Polish Forest
Data Bank (Bank Danych o Lasach; https://www.bdl.lasy.gov.pl/portal/). This database is available
free of charge and provides information about forest management, forest conditions and changes,
detailed information on the composition of forest stands, and many other types of information [46].
The Forest Data Bank is updated every year, however, information is provided only for the Polish State
Forests. The main unit here is called a subarea—homogenous forest area described and measured
during inventory. A polygon represents each subarea with known coordinates. For the present study,
from each subarea located in the study sites we used information regarding the share of tree species
at the tree layer of the forest stand. The tree species share was estimated based on the stand volume
during forest inventory. Subareas ranged in size from 0.01 to 94 ha (mean of 6.9 ha) and represent
25 different tree species. However, as described in the next section, only the most common species
were distinguished in our classification.

2.3. Methods

Our workflow consists of the following steps: (1) cloud masking, (2) obtaining forest cover for
2018 (see Section 2.3.1), (3) data processing, which involved the design of training and validation
samples (Section 2.3.2) and the creation of time series based on variable importance measures and
temporal pattern analysis (Section 2.3.3), (4) classification of forest stand species using a Random Forest
(RF) algorithm (Section 2.3.4), and (5) classification accuracy assessment of species maps for studied
combinations of Sentinel-2 time series (Section 2.3.5) (Figure 3).
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2.3.1. Forest Mask

First, we extracted forest areas for 2018 using Random Forest classification algorithm. The training
and validation samples for this step were visually selected forested and non-forested polygons.
The non-forested cover contained all non-wooded classes including built-up areas, agricultural lands,
non-wooded vegetation, and water. The total number of reference areas was 27 forest polygons and
52 non-forest polygons. For this classification, one Sentinel-2 image from 20 August 2018 (the middle
of the growing season and the best quality image) was used as the input data.

2.3.2. Training and Validation Samples

For the classification of tree species, all subareas from the Polish Forest Data Bank with 100%
share of a particular tree species were selected. In addition, all polygons were visually checked and
we removed polygons, which were not spectrally homogeneous. For less common species such as
silver birch, common hornbeam, sycamore maple, European larch, grey alder, and Norway spruce,

https://www.bdl.lasy.gov.pl/portal/
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additional polygons were delineated based on subareas with 80% and 90% share of one species and
visual inspection of Sentinel-2 imagery. Finally, the following nine tree species were analyzed: common
beech, silver birch, European hornbeam, silver fir, sycamore maple, European larch, grey alder, Scots
pine, and Norway spruce (Table 1).

Table 1. Reference samples.

Tree Species Number of Polygons Area [ha]

Common beech 76 578.7
Silver birch 6 4.9

Common hornbeam 6 14.65
Silver fir 59 127.9

Sycamore maple 9 18.9
European larch 8 12.5

Grey alder 8 9.1
Scots pine 37 35.4

Norway spruce 11 12.6
Total 220 814.6

2.3.3. Variable Importance and Assessment of Temporal Patterns

To select only the most important variables (acquisition dates) for classification, the evaluation
was performed in two steps: the assessment of temporal phenological patterns and variable importance
estimation (spectral bands and acquisition dates) using mean decrease in accuracy (MDA) and
mean decrease Gini (MDG) measures. MDA and MDG are the most popular measures for variable
importance embedded in RF classifier. In MDA, input variable values are randomly permuted,
then the changes in predicted accuracy is measured, while MDG measures the reduction of Gini
Impurity metric by a variable for a particular class [47–50]. In the majority of studies, MDA is
used [47] because it is considered as more straightforward, reliable, and easier to understand [51].
However, Behnamian et al. [52] claimed that MDG is slightly more stable. Thus, we decided to use
both methodologies. All statistics were calculated in R software using the randomForest package [53].

In the second step, we produced temporal phenological patterns based on ten bands from the
analyzed Sentinel-2 imageries. For each band, mean spectral reflectance values for the reference
polygons were extracted.

Finally, based on variable importance and temporal phenological patterns, we selected the best
combinations of dates in the Sentinel-2 time series to perform further tree species classification; a total
of 12 combinations and we performed classifications of all the single Sentinel-2 images separately.

2.3.4. Forest Tree Species Classification

Tree species supervised classification was performed using the non-parametric RF algorithm,
which consists of an ensemble of decision trees. The main assumption behind ensemble classifiers is
that when using a set of weak learners, better performance is obtained than when only a single classifier
is used [54]. In comparison with other non-parametric classifiers, this algorithm is faster and less
expensive computationally and, furthermore, this technique is robust with respect to overfitting and
can manage many input variables without variable deletion [53–55]. We applied the RF algorithm in the
supervised classification function from RStoolbox in R software [56]. The sample polygons described
in Section 2.3.2 were used as the input reference data for classification and were randomly split into
training and validation polygons in a 70:30 ratio. Then, the pixels inside the sample polygons were
used to perform the classification. The number of trees was set at a default value of 500. The selected
time series were clipped to only forest cover and used as the input variables during the classification
procedure. The classification for each input image or combination of images was performed ten times
using k-fold validation in R, and then the best one in terms of OA was selected.
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2.3.5. Accuracy Assessment

We assessed the following two levels of classification accuracy: (1) maps of forest and non-forest
cover (forest mask) and (2) maps of forest tree species. We visually inspected the obtained maps [57].
For the statistical accuracy assessment, the most common coefficients were calculated, i.e., OA,
producer´s and user´s accuracies, and confusion matrixes [57,58].

3. Results

3.1. Variable Importance and Temporal Patterns

We obtained the statistics (MDA and MDG, Figure 4) for 180 bands; however, we have included
only the most important ones here, i.e., 15 variables that had the highest MDA and MDG values.
Based on the MDA statistics, the most significant variables included the October images (October 17
and 14), whereas MDG showed higher contribution from spring images (end of April and beginning
of May). In addition, there were differences in the importance of particular Sentinel-2 bands—MDA
showed the importance of visible and red-edge bands, whereas MDG showed the importance of
red-edge and short-wave infrared (SWIR) bands. For the variable importance for particular forest tree
species, autumn images had a greater contribution for broad-leaved species discrimination, whereas
spring images showed a greater contribution for conifers (Figure 5).
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Temporal phenological patterns showed how the reflectance values varied over the 2018-growing
season (Figure 6). In the visible blue part of the spectrum (VIS B, S2 Band 2), the reflectance was
characterized by low and irregular values throughout the growing season for all studied species.
The reflectance peaks and falls in the visible green band (VIS G, Band 3) occurred irregularly over
the year, with lower values for conifers than for broad-leaved species. In the visible red band (VIS R,
Band 4), the reflectance was higher during early spring and late autumn than during the middle of
the vegetation cycle. Regularities occurred during autumn, i.e., from September to October there was
an increase in the reflectance of broad-leaved species, a slight decrease of spruce and fir reflectance,
and stable values for larch and pine. Then, in October, the trend changed for the reflectance of
broad-leaved trees in VIS R, i.e., their reflectance values started to decline, whereas for larch, there was
a significant increase. In general, in the visible part of the spectrum, the lowest reflectance values
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characterized fir and spruce. However, between May and June, pine had lower values than those for
spruce. In the VIS R band, pine had higher reflectance than most of the other species during late spring
and summer (May, June, and August).Remote Sens. 2019, 11, x FOR PEER REVIEW 8 of 24 

 

 
Figure 5. Fifteen most important variables for tree species classification regarding selected species 
(MDA statistics). 

Temporal phenological patterns showed how the reflectance values varied over the 2018-
growing season (Figure 6). In the visible blue part of the spectrum (VIS B, S2 Band 2), the reflectance 
was characterized by low and irregular values throughout the growing season for all studied species. 
The reflectance peaks and falls in the visible green band (VIS G, Band 3) occurred irregularly over the 
year, with lower values for conifers than for broad-leaved species. In the visible red band (VIS R, 
Band 4), the reflectance was higher during early spring and late autumn than during the middle of 
the vegetation cycle. Regularities occurred during autumn, i.e., from September to October there was 
an increase in the reflectance of broad-leaved species, a slight decrease of spruce and fir reflectance, 
and stable values for larch and pine. Then, in October, the trend changed for the reflectance of broad-
leaved trees in VIS R, i.e., their reflectance values started to decline, whereas for larch, there was a 
significant increase. In general, in the visible part of the spectrum, the lowest reflectance values 
characterized fir and spruce. However, between May and June, pine had lower values than those for 

Figure 5. Fifteen most important variables for tree species classification regarding selected species
(MDA statistics).



Remote Sens. 2019, 11, 1197 9 of 24

Remote Sens. 2019, 11, x FOR PEER REVIEW 10 of 24 

 

 

Figure 6. Temporal phenological patterns for the Baligród Forest District; S2 bands: (a) visible blue, 
(b) visible green, (c) visible red, (d) red edge 1, (e) red edge 2, (f) red edge 3, (g) near-infrared 1, (h) 
near-infrared 2, (i) short-wave infrared 1, and (j) short-wave infrared 2. The temporal patterns with 
standard deviations values can be found in Appendix A. 

Figure 6. Temporal phenological patterns for the Baligród Forest District; S2 bands: (a) visible blue,
(b) visible green, (c) visible red, (d) red edge 1, (e) red edge 2, (f) red edge 3, (g) near-infrared 1,
(h) near-infrared 2, (i) short-wave infrared 1, and (j) short-wave infrared 2. The temporal patterns with
standard deviations values can be found in Appendix A.

In the red-edge 1 band (RE1, Band 5) reflectance patterns are characterized by a higher diversity
than in the visible bands. The reflectance for broad-leaved species was higher than conifers during
almost the entire growing season. However, similarly to visible bands, during the late summer
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larch had higher reflectance values than that of broad-leaved species. Furthermore, larch reflectance
increased during autumn in contrast to other species. Among the broad-leaved species, in the RE1 band,
the highest reflectance occurred for beech (spring), grey alder (late spring), and hornbeam (late summer
and autumn). Birch was characterized by the lowest reflectance. In the red-edge 2 (RE2, Band 6),
red-edge 3 (RE3, Band 7), and near-infrared (NIR 1 and NIR 2, Band 8 and 8a) bands, reflectance values
exhibited very similar patterns. The highest values and greatest variability between species in these
parts of the spectrum occurred during late spring and summer (from May to August). The reflectance
peak occurred during May (for sycamore) or June (for all other species) and after that reflectance
slowly decreased. A sharp decrease in reflectance was observed for broad-leaved species between
October 9 and 14. The sharpest decrease in reflectance values occurred for beech in the RE2 and RE3
bands. Among the conifers, larch spectral responses were characterized by similar properties to that
of broad-leaved species. Three remaining conifer species had similar reflectance values, which were
significantly lower than those of the broad-leaved values: the highest for spruce and the lowest for
pine during the summer. During November, pine reflectance exceeded all the species apart from larch.
Among the broad-leaved species, birch is characterized by much lower values than others.

In the shortwave-infrared spectrum (SWIR1, Band 11) the highest differences in reflectance
occurred during November. For hornbeam, there was a lower reflectance during early spring than that
for the other broad-leaved species; however, were similar by the beginning of May. In SWIR2 (Band 12),
reflectance patterns were characterized by lower values in summer and higher values during spring
and autumn. The highest peak in reflectance occurred on April 12 in both SWIR bands. Among the
conifers, pine, spruce, and fir patterns were similar throughout the growing season, with similar
reflectance for spruce and fir, and higher reflectance for pine. Similar to other parts of the spectrum,
in both SWIR bands larch reflectance was characterized by an increase during late autumn. Based on
the results of variable importance and spectral-temporal patterns assessment, we selected 12 image
combinations for further forest tree species classification (Table 2).

Table 2. Selected combinations for tree species classification.

Number of Images Combination

Two
05-May/14-Oct
30-Apr/17-Oct
14-Oct/17-Oct

Three

05-May/06-Jun/14-Oct
30-Apr/14-Oct/17-Oct
05-May/14-Oct/17-Oct

05-Apr/05-May/08-Nov

Four
05-Apr/05-May/14-Oct/08-Nov
30-Apr/05-May/14-Oct/17-Oct
30-Apr/05-May/17-Oct/08-Nov

Five 30-Apr/05-May/14-Oct/17-Oct/08-Nov
Eighteen All images

3.2. Forest Tree Species Classification

The forests in the Baligród Forest District cover 240 km2 (79% of the total area). The OA of our
forest and non-forest classification was 99%. In the classification of forest tree species with single
Sentinel-2 image, we achieved the best accuracy (maximum obtained OA from ten times validation)
for April 30, followed by October 9 and April 12, being 87.39%, 87.08%, and 84.94% of OA, respectively
(Figure 7). In the classification of the combination of two images (one from spring and one from
autumn), the OA improved significantly to 90.19%. Adding more images to this combination resulted
in only slight improvement; for three images (spring and two autumn images): 91.8% OA; for four
images (two spring and two autumn): 92.09% of OA; and for five images: 92.38% OA. Using all
available imagery did not improve forest species classification accuracy (92.12% OA).
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Figure 7. Overall classification accuracy for single Sentinel-2 images and selected combinations of
time series.

The highest producer accuracies were achieved for common beech, hornbeam, silver fir, and Scots
pine, whereas the highest user accuracies for beech, hornbeam, fir, spruce, larch, and pine (Table 3).
The lowest accuracies were for birch and grey alder. Combining at least two images from different
seasons resulted in accurate classification (above 90%). However, using an increasing number of
images for classification did not necessarily lead to higher accuracies of less common species (Figure 8).
This was particularly noticeable for birch, which producers’ and users’ accuracies decreased with the
increasing number of images. Accuracies for hornbeam and spruce increased and reached highest
values for the classification of five images. Other species accuracies remained stable.

Table 3. Confusion matrix for the best classification of five images (30-April/05-May/

14-October/17-October/08-November).

Reference

1 2 3 4 5 6 7 8 9 Total

Map

Beech (1) 932 0 4 1 18 0 0 3 0 958
Birch (2) 0 5 9 0 0 0 5 6 0 25

Hornbeam (3) 4 6 120 0 0 0 0 1 0 131
Fir (4) 0 0 2 830 0 52 15 0 21 920

Sycamore (5) 4 1 4 0 47 0 1 6 0 63
Spruce (6) 0 0 0 0 0 64 0 0 0 64
Larch (7) 4 6 1 0 0 0 62 1 0 74

Grey alder (8) 4 0 0 0 3 0 0 9 0 16
Pine (9) 3 0 0 1 0 4 0 0 174 182

Total 951 18 140 832 68 120 83 26 195 2433
Prod. Acc. 98.0 27.8 85.7 99.8 69.1 53.3 74.7 34.6 89.2
User Acc. 97.3 20.0 91.6 90.2 74.6 100 83.8 56.3 95.6
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images used for classification: 2, two images; 3, three images; 4, five images; and 5, five images.

Based on classification accuracy assessment, we produced the final map of forest tree species
for the best combination (April 30/May 5/October 14/October 17/November 8) (Figure 9). The most
common species were common beech (35%) and silver fir (21%). Other main species were Scots pine
(11%), grey alder (11%), sycamore (11%), and hornbeam (7%). The rarest species were European larch
(3%), European birch (2%), and Norway spruce (1%).
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4. Discussion

The present study evaluated the use of dense Sentinel-2 time series for forest tree species
classification. The approach was applied in a species-diversified test site in the eastern part of the
Polish Carpathians. In the study, we used dense time series from the Sentinel-2 satellite from one
growing season (spring, summer, and autumn); thus, we obtained detailed information regarding the
spectral–temporal patterns of the studied tree species. The outcomes from our study are similar to
the results from other studies where high- or medium-resolution optical data were used [6,35,59,60].
In general, implementing multi-temporal satellite imagery improved tree species mapping accuracy.
Our results show that the use of only two images from two different seasons allowed us to exceed
the assumed high accuracy threshold (90% OA). However, there were some significant changes in the
classification accuracy for particular tree species. Adding more variables from different acquisition
dates may result in both an increase (e.g., hornbeam larch) and decrease (e.g., birch) of producer/user
accuracies. Some species-specific differences are easier to capture with the use of multi-temporal
imagery, while for some species using more variables may be redundant because of their high
correlation. The highest contribution to the overall mapping accuracy came from spring (the turn of
April and May) and autumn (mid-October) imagery. In other studies, it has been highlighted that
autumn imagery tended to have a high discriminating ability [35,61,62]. In our study, the importance of
two October images (14 and 17), when the leaf color changing process occurs, is indisputable. Although
they were taken only three days apart, the differences in phenology proved to be crucial for the
broad-leaved species discrimination, e.g., hornbeam. On the other hand, in a study by Lisein et al. [63],
late spring and early summer images were optimal for discriminating of species. In addition,
Persson et al. [41] found that late spring imagery performed the best tree species classification because
the phenological variations are the highest during this part of the growing season. Leaf spectroscopy
studies have also indicated that rapid changes in spectral values are observed during early spring
and late autumn [64]. A contribution of particular imagery acquisition dates for forest tree species
discrimination is different for broad-leaved and conifer species. For broad-leaved species, the most
significant variables include October imagery, whereas for conifers April and May images tended to be
more important. Even so, spectral signatures for some of the broad-leaved species were very similar,
the greatest being for beech, hornbeam, sycamore, and grey alder. The latter species is characterized
by a poor classification accuracy and adding more imagery to the classification only improved the
accuracy slightly. Determining evergreen photosynthetic activity from remote sensing data is difficult;
however, they also exhibit seasonal changes, especially in the visible range [65,66]. For pine, the visible
part of the spectrum is significant. In general, temporal patterns for silver fir and Norway spruce are
very similar, yet they differ considerably for Scots pine, indicating differences between the phenology
of pines and other conifers. Finally, the only conifer but deciduous species occurring in our study
area—the European larch—exhibited different properties regarding reflectance during the growing
season. The spectral signatures of larch are more similar to broad-leaved species. In contrast to other
species, both broad-leaved and coniferous, larch spectral reflectance increased during autumn in the
visible and SWIR bands. This might result from the background signal connected to the understory
vegetation in larch stands and should be examined in future studies.

In comparison to other studies on forest species with the use of Sentinel-2 data, our results (highest
OA: 92.38%) are very similar to the accuracy of outcomes of the study by Karasiak et al. [40] from
southwest France and higher than those from the study by Immitzer et al. [39] in Bavaria, Germany.
Similar accuracies were also achieved by Puletti et al. [67] in a study area in Tuscany, Italy. However,
only four broad forest types were identified there. In comparison with studies that have focused on
forest species classification with the use of multi-temporal, optical imagery, the accuracies obtained
in the present study were higher than those in studies where Landsat imagery was used [25,68].
Regarding similar spatial resolution imagery (e.g., 8 m Formosat-2), our results are comparable with
the results of Sheeren et al. [3] even though relatively small test sites were studied. In comparison
with single, very high-resolution WorldView-2 images, the multi-temporal Sentinel-2 data provided
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higher accuracies, e.g., the Immitzer et al. [69] study from east Austria, where the OA of forest tree
species classification was 82% and the test area was much smaller (30 km2). Using IKONOS-2 imagery
for Belgium, Carleer et al. [70] achieved an OA of 85.79% for tree species classification. However,
Formosat-2 provides only four spectral bands (three in visible and one in near-infrared wavelengths) and
IKONOS-2 also provides the same four bands plus a panchromatic band. Furthermore, WorldView-2
has lower spectral resolution (with 8 bands). From our results, it is evident that there is a benefit
of using additional bands. Our results show that Senitnel-2 MSI provides valuable information on
vegetation properties; the MDA and MDG statistics show that not all spectral bands contributed
equally to the tree species classification. However, assessing the importance of particular dates and
bands is hampered by the correlation of bands and dates. The most important bands in the present
study were two SWIR bands, red-edge bands, visible blue, and visible red. The high contribution of
SWIR and red-edge bands was also confirmed by Bolyn et al. [71]. The utility of SWIR regions for
mapping tree species has not been fully explored yet, but the importance of these bands for tree species
mapping in tropical forests was confirmed [72]. As shown in our study, the importance of these bands
is high in temperate zone forests.

Regarding temporal pattern analysis, in vegetation mapping, generally, the highest reflectance
values occur for the infrared region and the lowest for the visible red region [10]. In near-infrared
bands, the reflectance represents radiation scattering by the canopy [38], whereas the red-edge bands
are more sensitive to chlorophyll a and b levels and their variations [38,73]. In the red-edge regions,
there is a sharp increase in the reflectance of vegetation [74]. From our results, this increase is more
evident between RE1 and RE2 bands than that between visible light and RE1. In the SWIR region
reflectance, the water absorption features are important [2,64]. For example, SWIR bands are used as
key indicators in forest recovery studies [51].

The important problem in forest species mapping is the character of study sites, i.e., environmental
conditions (e.g., relief or climate) or forest types and species diversity (e.g., forest management or
legacies). Common problems with the study of mountainous areas are cloud cover and atmospheric and
topographical effects, thus the acquisition of high-quality and cloudless imagery for key phenological
periods still may be difficult [12,25]. However, this might be overcome by the short revisit time of
the twin Sentinel-2 satellites. In addition, the heterogeneous stand structure or high fragmentation
implies difficulties with collecting enough samples, especially for the less common and non-dominant
species [39,75]. Thus, often more common species are classified with higher accuracy [25]. It has been
proven that small classes tend to be misclassified [3,76]. In our study, species with the lowest accuracies
were birch and grey alder, which could be explained by the small sample size as well as the forest stand
properties (spectral similarity to other species and not forming homogeneous stands).

In future research, especially when larger test areas are studied, the use of additional environmental
variables should be considered, as these data can help to obtain higher species prediction accuracies [77].
The phenology of species can differ across communities and can increase the overlap between
species [78]. It is not only species composition that has an influence on spectral reflectance. There are
also within-species variations in reflectance caused by tree age, stress, and local site conditions;
openness of trees; shadowing effects; and crown health [79]. The presence of insects or diseases also
has a significant effect on forest stand reflectance values and differences in growth conditions such as
elevation and aspect, and soils have an influence on spectral variability within the same tree species [80].
These aspects might still hamper tree species classification studies. Thus, for larger mountainous areas,
phenological patterns may be examined, e.g., for different elevation zones and aspects. However,
the approach proposed in the present study demonstrates the potential of dense Sentinel-2 time series
to conduct forest tree species mapping in challenging, mountainous areas. In future studies, using these
dense time series will provide a valuable indicator of changing plant phenology caused by climate
change. Furthermore, the data and methods used can be a great source of information for enhancing
forest inventory data.
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5. Conclusions

In the present study, Sentinel-2 time series served as data input for forest tree stand composition
mapping using the RF algorithm. The analysis was applied at the pixel level, in a challenging,
mountainous study area with a highly diversified tree species composition. Classification with
Sentinel-2 time series performed more accurately than that of single date imagery. Specifically, the use
of images from different seasons including spring and autumn provided much higher forest species
classification accuracies.

The results from the present study confirm the potential of Sentinel-2 data in mapping tree stand
species composition. Spectral bands of Sentinel-2 MSI allow the capture of differences among species
during the growing season and analysis of their temporal patterns. This should be investigated further
in future studies. The largest contribution among Sentinel-2 MSI bands was derived from the VIS B,
VIS R, SWIR, and red-edge part of the spectrum.

Given the high classification accuracy obtained with automatic classification, the proposed
approach could be integrated into operational programs dedicated to forest stand tree species mapping
and monitoring based on satellite image time series.
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A B S T R A C T

Information about forest stand species distribution is essential for biodiversity modelling, forest disturbances,
fire hazard and drought monitoring, biomass and carbon estimation, detection of non-native and invasive
species, as well as for planning forest management strategies. High temporal and spectral resolution remote
sensing data from the Sentinel-2 mission enables the derivation of accurate and timely maps of tree species in
forests in a cost-efficient way. However, there is still a lack of studies regarding forest stand species mapping for
large areas like the Polish Carpathian Mountains (approx. 20,000 km2). In this study, we aimed to develop a
workflow to obtain forest stand species maps with machine learning algorithms applied to multi-temporal
Sentinel-2 products and environmental data at regional scale. Using variable importance techniques - Variable
Importance Using Random Forests (VSURF) and Recursive Feature Elimination (RFE) - we assessed three
Sentinel-2 Best Available Pixel composites (April, July and October), eight annual spectral-temporal metrics
(STM; mean, minimum, maximum, standard deviation, range, first quartile, third quartile and interquartile
range), and four environmental topographic variables (elevation, slope, aspect, distance to water bodies), i.e.
114 variables in total. Following a variable importance assessment, we produced maps of eleven tree species
with the use of three Machine Learning algorithms: Random Forest (RF), Support Vector Machines (SVM) and
Extreme Gradient Boosting (XGB) on nine different variable subsets, i.e. in total 27 classifications. The results
showed that SVM outperformed the other two classifiers - the highest overall accuracy exceeded 85% for SVM
classification of all variables (86.9%), and 64 variables (85.6%). Including elevation information improved the
accuracies. From the best five classifications we created a final ensemble map (overall accuracy of 86.6%) and a
precision map based on the Simpson Index, which indicates where the five models agree. This ensemble ap-
proach allowed us to determine that the lowest precision occurred in foothills and basins with lower forest cover,
in the areas with lack of good quality imagery, and at the borders of stands with homogenous species compo-
sition. On the other hand, the highest precision occurred in regions with homogenous stands with high forest and
canopy cover. The study demonstrates the potential of Sentinel-2 imagery and topographic data in mapping
forest stand species in large mountainous areas with high accuracy. Furthermore, it demonstrates the usefulness
of the ensemble approach, which enables to assess the classification precision.

1. Introduction

Large temperate forest ecosystems are characterized by their unique
ecological value. The monitoring and mapping of these forests and their
species composition is extremely important in a variety of scientific and
operational applications, such as biodiversity modelling (Wallis et al.,
2017), disturbance, fire and drought monitoring (Ballanti et al., 2016),

biomass or carbon estimation (Pimple et al., 2017), or the detection of
non-native and invasive species (Ørka and Hauglin, 2016). Further-
more, it is crucial in the development of forest management strategies
(Satir et al., 2017), and up-to-date forest information is required for
state forests and international agreements on forest protection (Nink
et al., 2019). Considering that forest ecosystems are very sensitive to
climate change, information on tree species composition may also be
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relevant for estimating potential climate change impacts on forest re-
sources in the future (Lindner et al., 2010).

Data on forest species composition are traditionally provided by in-
situ forest inventories. However, forest areas – especially in mountai-
nous regions, are often poorly accessible and remote (Young et al.,
2017), thus such inventories are expensive and labour-intensive. Fur-
thermore, they are either sample-based (small areas), or the informa-
tion on species is aggregated to the forest stand level without precise
spatial description. Remote sensing creates opportunities to obtain
species information in a more efficient way, providing information on
their spatial distribution, and allows a higher update frequency (Kangas
et al., 2018; Yin et al., 2017).

Detailed forest stand species mapping is often based on very high
resolution (VHR) data such as commercial IKONOS or World-View
imagery (Immitzer et al., 2017), Unfortunately, their operational use
for larger areas is small due to high costs (Fassnacht et al., 2016). Thus,
most VHR studies are limited to small areas (Immitzer et al., 2012; Kim
et al., 2011; Waser et al., 2014), while studies focusing on tree species
classification approaches for larger geographic extents with a large
variety of ecological conditions are rare (Fassnacht et al., 2016). Re-
mote sensing-based products for large areas usually provide only broad
information about forests, such as the occurrence of forests or forest
types, forest cover changes or tree cover percentage (Immitzer et al.,
2017).

Medium resolution satellites like Landsat enable mapping of large
areas in a very cost-efficient way. However, producing accurate maps at
species level is still challenging. Particularly in heterogeneous en-
vironments (Pasquarella et al., 2018; Xie et al., 2008) with rugged
terrain the classification accuracies are fairly low, while for less-rugged
or flat areas higher accuracies are often reported (Dorren et al., 2003).
Some earlier studies reported that phenological information improves
the classification of tree species from multispectral data (Key et al.,
2001; Mickelson et al., 1998). However, extracting vegetation phe-
nology information from Landsat imagery may be difficult due to the
limited number of frequent clear Landsat observations (Wulder et al.,
2019). The repetition cycle of the Sentinel-2-A/B satellites is notably
higher than for Landsat (two-five days in comparison to 8–16 days of
Landsat). Furthermore, the Sentinel-2 mission provides higher spatial
resolution (10–20 m) data than Landsat (30 m), and thus can capture
more detailed information (Yin et al., 2017). With respect to the
spectral information, the Sentinel-2 MSI sensor provides 13 spectral
bands, and especially the red-edge and SWIR bands are promising in
terms of detecting differences in vegetation properties (Puletti et al.,
2017; Vaglio Laurin et al., 2016). The first studies on the use of multi-
temporal Sentinel-2 imagery proved its high potential for forest stand
species mapping (Table 1). However, these studies were tested on fairly
small areas only, often with flat terrain. To our knowledge, the largest
study area was 5760 km2 (Bolyn et al. (2018), the Belgian Ardennes),
which is approx. a quarter of the area addressed in this study. There-
fore, testing workflows on forest stand species mapping for larger areas
at regional scales is still an underexamined task.

In large areas with complex forest composition and environmental
conditions new challenges arise. Generally, tree species classification is
hampered by the spectral overlap of species-specific spectral signatures.
The variability of species-specific signatures can increase due to dif-
ferences in growing conditions or tree age (Leckie et al., 2005, 2017;
Stoffels et al., 2012) which are more likely to occur when the con-
sidered study area is large. Furthermore, mountainous areas are ex-
posed to topographic effects, such as large variations in reflectance on
different slopes (Pimple et al., 2017). In addition, elevation gradients
affect both the timing of leaves' greening and senescence (Viña et al.,
2016). These effects are particularly pronounced over larger areas,
therefore a popular solution to increase the spectral separability be-
tween species is to use multi-temporal approaches (Hill et al., 2010;
Mickelson et al., 1998). The phenological cycle causes temporal var-
iations in reflectance and can thus increase the spectral separability

between species (Sheeren et al., 2016). However, the acquisition of
imagery for specific phenological events (e.g. start of the season) can be
challenging, particularly for areas with frequent cloud cover. One way
to overcome that is to employ spectral-temporal metrics (STM), as they
implicitly include important phenological information (Müller et al.,
2015). STMs are band-wise descriptive statistics of all clear-sky ob-
servations within a defined time period, e.g. the annual mean, standard
deviation or median of the near infrared band. They can be produced on
a seasonal, annual or multi-annual basis (Müller et al., 2015), and were
successfully used in a variety of studies, e.g. for forest cover type
mapping (Yin et al., 2017). Their band-wise generation makes them
optimal predictors for machine-learning algorithms (Frantz, 2019), al-
though they should not be interpreted like a regular spectrum; e.g.
computing the NDVI from the 25% quantile of red and near infrared
reflectance results in unexpected results as they are not originating
from the same acquisition date. Another technique frequently applied
to large area analysis is the Best Available Pixel (BAP) compositing
method, which is typically used on an annual basis (Griffiths et al.,
2013; Hermosilla et al., 2016; Hislop et al., 2018; White et al., 2014).
BAPs are generated through a selection process, meaning that the full
spectrum is selected at once, and therefore full physical interpretation is
given (Frantz, 2019). For example, computing NDVI from a BAP yields
expected results. BAPs are generated by assigning a score to each ob-
servation, e.g. based on proxies for the seasonal suitability or the po-
tential contamination with clouds; the observation with the highest
total score is then included in the composite (Frantz et al., 2017;
Griffiths et al., 2013). As compositing is performed on the pixel level,
different pixels may originate from different acquisition dates. Both
STM and BAP products can provide seamless and fairly consistent image
data for the entire study area, enabling to capture information on
phenological differences between species. However, the quality of these
products largely depends on the availibility of high quality pixels. An-
other strategy to increase mapping accuracy of large and mountainous
areas is to sub–divide the study area into smaller mapping zones (Leckie
et al., 2017; Ren et al., 2009), or to include climatic and topographic
variables (Abdollahnejad et al., 2017; Dorren et al., 2003; Mickelson
et al., 1998; Ren et al., 2009; Young et al., 2017; Zhu and Liu, 2014).
Due to challenges arising when mapping forest stand species in larger
areas, there is a need to test both STMs and BAPs, with additional use of
topographic variables at regional scale.

For the processing of large and complex datasets, consisting of
multi-temporal imagery, spectral-temporal metrics, and environmental
variables, machine learning (ML) algorithms are currently the method
of choice. These methods are effective for the classification of complex,
high-dimensional data providing multivariate, nonlinear and nonpara-
metric classifications (Lary et al., 2016; Maxwell et al., 2018). The most
popular ML algorithms used in remote sensing studies are Random
Forest (RF) and Support Vector Machines (SVM) (Fassnacht et al.,
2016). Recently, Extreme Gradient Boosting (XGB) has emerged in re-
mote sensing studies (Georganos et al., 2018). It is a popular ML
method, reportedly outperforming classifiers such as SVM and RF
(Georganos et al., 2018). It was used for example in change detection
studies with VHR imagery (Li et al., 2018) and in crop classification,
where it provided more accurate results than RF and SVM classifiers
(Zhong et al., 2019). A common problem for most machine learning
classifiers is the risk of over-fitting. Particularly, when high-dimen-
sional datasets are used for classification, feature reduction may be
applied (Maxwell et al., 2018). Using these techniques and reducing the
number of variables helps to avoid model overfitting and can improve
accuracy (Georganos et al., 2018; Maxwell et al., 2018). Furthermore,
the results of the feature reduction techniques provide information
about which parts of the remotely-sensed information is contributing
most to mapping tree species.

In summary, information on forest stand species for large moun-
tainous areas is highly required for many different applications, but
rarely exists. As traditional in-situ measurements are costly, labour-

E. Grabska, et al. Remote Sensing of Environment 251 (2020) 112103

2



intensive, and often confined to State forests, remote sensing is a widely
used alternative. However, when dealing with large mountainous areas,
and a high level of detail in the class catalogue, several challenges still
persist that require in-depth research; e.g. how to account for diverse
conditions, heterogeneous species composition (e.g., in mixed forests
type), or spatial differences in phenology. Mapping forest stand species
in large areas, especially in mountainous terrain, also poses the problem
of generating predictive variables from remote sensing, which provide
seamless coverage over the entire region with high data quality, while
still pertaining enough temporal information that allows for detecting
phenological differences between species. Suitable products are STMs
and BAP datasets, as well as topographic variables. However, the high
dimensional feature space involved requires testing different ML and
feature selection techniques to avoid the curse of dimensionality as well
as overfitting; to eventually achieve the optimal results of forest stand
species mapping.

Accordingly, the aim of our study was to evaluate possible ways of
forest stand species mapping for a large and heterogeneous mountai-
nous area of the Polish Carpathians (approx. 20,000 km2), by in-
vestigating the effect of using different machine learning algorithms,
and different multi-temporal Sentinel-2 products and environmental
data. In particular, we focused on the following objectives:

• Which spectral-temporal (STM and BAP) and environmental vari-
ables are most important for forest stand species classification?

• How do different Machine Learning techniques perform for forest
stand species classification?

• Can an ensemble of classifiers be used to assess which areas and
species are particularly prone to classification errors?

2. Materials & methods

2.1. Study area

The Polish Carpathians are the northernmost part of the Carpathian
Mountains covering 19,830 km2 (Fig. 1). Forest covers more than 40%
of its total area (Griffiths et al., 2014). The dominant species occurring
in the Polish Carpathians are common beech (Fagus sylvatica), silver fir
(Abies alba), Norway spruce (Picea abies) and, in the foothills, Scots pine
(Pinus sylvestris). Less common species are: alder (Alnus sp.), oak

(Quercus sp.), European hornbeam (Carpinus betulus), silver birch (Be-
tula pendula) and aspen (Populus tremula) (Godzik and Grodzińska,
2008). The Polish Carpathians consist mainly of mid- and low-moun-
tains, foothills and valley bottoms (Bucała-Hrabia, 2017), ranging from
300 m a.s.l. to 2499 m a.s.l. (Balon et al., 1995). Foothills up to 700 m
are dominated by deciduous and mixed forests, the lower montane zone
(up to 1250 m) is covered with mixed forests with beech and fir, and the
upper montane zone (up to 1500 m) is dominated by spruce stands
(Godzik and Grodzińska, 2008). At present, forests in the western part
of the Polish Carpathians are dominated by spruce stands, which are
currently frequently affected by bark beetle outbreaks (Grodzki et al.,
2014). Forests in the eastern part of the Polish Carpathians are typically
covered by beech and fir (Godzik and Grodzińska, 2008). Forests in the
central part of the Polish Carpathians have a more transitional char-
acter; apart from mixed forests, there are also homogeneous planted
spruce stands (Zięba, 2010).

2.2. Methods

The workflow consisted of the steps presented in Fig. 2: (1) pre-
processing of S2 and reference data; (2) forest/non-forest classification;
(3) variable importance assessment; (4) hyper-parameter tuning; (5)
forest stand species classification, (6) accuracy assessment and, (7)
Simpson Index and ensemble maps calculation.

2.2.1. Reference data
Reference data on forest stand species were derived from the Forest

Data Bank (FDB), which is a public dataset that provides information on
species composition for Polish state forests. FDB is based on the forest
management plans produced every 10 years for each forest district
(Talarczyk and Michorczyk, 2017). Each year, the description and map
is updated, based on the management carried out in a given year
(harvest, reforestations, removal of dead trees etc.). In this database, a
homogenous forest area, which is described and measured during in-
ventory, is called a subarea. Each subarea contains information on
species composition expressed in values from 1 to 10 (where ten means
100% cover by a particular species). Subareas for the entire Polish
Carpathians range in size from 0.01 to 94 ha (mean: 6.9 ha) and contain
43 different tree species. However, some of them are not covered by
trees, either temporary, due to cuttings or disturbances, or constantly,

Table 1
Studies on using Sentinel-2 imagery in forest stand species mapping.

Authors Study area Algorithm Parameters Number of variables Variable importance

(Immitzer et al., 2016) Bavaria, Germany
200 km2

RF mtry = default
ntree = 1000

1 image (10) Mean Decrease Accuracy

(Puletti et al., 2017) Tuscany, Italy
470 km2

RF mtry = default
ntree = default

3 images +4 indices (34) –

(Karasiak et al., 2017) France
510 km2

RF ntree = 100 11 images (110) –
SVM cross-validation from a grid

search
Gradient Boosted
Trees

boosting iterations = 200
max depth = 20

(Bolyn et al., 2018) Ardennes,
Belgium
5760 km2

RF mtry = default
ntree = 1000

2 images +
34 indices +4 other (93)

Variable Selection Using Random
Forest

(Wessel et al., 2018) Germany,
76.3 and 9 km2

SVM no information 4 images (40) –
RF m = 30, ntree = 50

(Persson et al., 2018) Sweden,
15 km2

RF m = default
ntree = 500

4 images (40) Variable Selection Using Random
Forest

(Hościło and Lewandowska,
2019)

Carpathians, Poland
3800 km2

RF m = default
ntree =200 4 images +3 topographic

variables (43)

raw variable importance/
normalized variable importance
(RF)

(Grabska et al., 2019) Carpathians,
Poland
305km2

RF m = default
ntree = 500

18 images (180) Mean Decrease Accuracy/Mean
Decrease Gini

(Immitzer et al., 2019) Austria,
1056 km2

RF m = default
ntree = 1000

18 images (180) Mean Decrease Accuracy
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Fig. 1. Study area of the Polish Carpathians located in southern Poland with the forest cover (46% of the studied region) obtained in this study. The grey lines show
three Sentinel-2 orbits.

Fig. 2. Methodological workflow of forest species classification using three ML algorithms based on a selected combination of variables.
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as they represent different types (i.e. non-wooded) of forest parcels

2.2.2. Sentinel-2 data and environmental variables
The study area overlaps with three Sentinel-2 orbits (Fig. 1). In this

study we acquired all available Sentinel-2A/B Level 1C data with cloud
cover < 70% between January 2017 and June 2018 from 8 MGRS tiles.
The 621 images were converted into Level 2 and Level 3 products using
FORCE (Framework for Operational Radiometric Correction for En-
vironmental monitoring) (Frantz, 2019). Level 2 processing (L2PS) in-
cluded cloud and shadow detection, radiometric correction and data
cubing (Frantz et al., 2016). Level 3 processing (L3PS) included tem-
poral aggregation of the Level 2 data. We computed three Best Avail-
able Pixel (BAP) composites (Frantz et al., 2017; Griffiths et al., 2013),
and eight spectral-temporal metrics (STM). Both BAPs and STMs utilize
all available clear-sky observations within a defined time range. BAPs
are produced by selecting the optimal observation, based on scores
computed for each observation. They are based on the cloud/haze
conditions, and seasonal suitability, which provides the representability
of the season of interest. Finally, the observation with the highest total
score (as determined by a weighted linear combination of all thematic
scores) is selected for the BAP (Frantz et al., 2017). STMs are band-wise
statistical aggregations, where all clear-sky observations of a given pixel
are reduced to a set of descriptive statistics, e.g. mean, standard de-
viation or quantiles.

The centres of the compositing periods for BAPs were determined
based on our previous study (Grabska et al., 2019), and were set to:
April 15th, 2018 (APR; DOY: 105), July 15th 2017 (JUL; DOY: 196) and
October 15th 2017 (OCT; DOY: 288). The compositing periods were
March 15th to May 15th, June 15th to August 31st, and September 15th
to November 15th. Note that the majority of observations was within
+ − 2 weeks around the selected centre dates. This is due to the usage
of a Gaussian transfer function for estimating the seasonal suitability,
where the score quickly decreases with increasing temporal distance.
STMs were computed for the full period of time available; the following
band-wise statistics were computed: average (AVG), standard deviation
(STD), minimum (MIN), maximum (MAX), range (RNG), 0.25 quantile
(Q25), 0.75 quantile (Q75) and interquartile range (IQR); as they were
also successfully used in other studies (Müller et al., 2015; Rufin et al.,
2019a; Yin et al., 2017). Each abovementioned composite/STM con-
tained 10 Sentinel-2 bands (2, 3, 4, 5, 6, 7, 8, 8a, 11, 12), all fused to
10-m resolution. In total 110 spectral variables were available.

The environmental variables contained four layers: a 1-m Digital
Elevation Model (DEM) obtained by airborne laser scanning, acquired
from the Polish Project known as the IT System for Country's Protection
Against Extreme Hazards (ISOK) and two derived products: slope and
aspect. We additionally calculated the Euclidean distance to water
bodies based on lakes and rivers from the National Topographic
Database (BDOT10k). In this database, the level of detail corresponds to
topographic maps at scales 1:10000–1:5000. All layers were resampled
and snapped to 10-m to match the S2 data.

2.2.3. Forest/non-forest classification
To map current forest extent, we performed a forest/non-forest

classification based on three BAP composites. We used the Random
Forest algorithm, as it is currently the most popular algorithm for
general land cover classification and has computational advantages
over the other two examined algorithms. We performed this classifi-
cation using training (77 forest and 105 non-forest) and validation
polygons (104 forest and 135 non-forest) delineated based on visual
analysis of Sentinel-2 imagery. The non-forest class contained all non-
wooded classes i.e. built-up areas, agricultural land, non-wooded ve-
getation, and water. The validation of this classification was performed
following best practices for accuracy assessment, (Olofsson et al.,
2014), i.e. area-adjusted accuracy assessment was performed. The
overall accuracy (OA) assessment for this step was 98% (see area-ad-
justed confusion matrix and forest/non-forest map in the Appendix;

Table A1, Figure A1). Additionally, all the areas above the treeline (i.e.
1500 m a.s.l.) were excluded from the final forest mask. The identified
forest areas cover 9146 km2 of the study area, which is approx. 46% of
the Polish Carpathians.

2.2.4. Reference data pre-processing
Reference data quality and size have a large impact on classification

accuracy (Maxwell et al., 2018). In order to obtain representative and
accurate reference data, we performed both visual and automated
analysis of FDB subareas. We used information about tree species shares
for the year 2018. The first step was to select subareas with pure species
composition, i.e. with species shares of 100% (14,000 subareas). In the
next step, we used the forest mask obtained from the forest/non-forest
classification described in section 2.2.3., to determine which of the
subareas are currently covered by trees in at least 80% and we obtained
12,000 subareas. Subareas smaller than 0.5 ha were excluded (50 S-2
pixels, 10,943 subareas). Finally, we excluded subareas with high
standard deviation values. Based on visual analysis the standard de-
viation threshold was set to 400 in reflectance in the near-infrared
bands of April, July and October composites (Sentinel-2 band 8; 1919
subareas). Furthermore, we visually delineated 40 reference polygons
for under-represented species like silver birch, sycamore, hornbeam,
and Douglas fir. We obtained in total 1959 subareas and then randomly
selected the training points inside them, with a distance of more than
20 m between the samples (Table 2). For validation, another point
dataset was created. The sampling was performed outside 30-m buffers
created around training points and with the minimum distance from
each other of 20 m, i.e. at least two pixels. We used stratified random
sampling which is described in chapter 2.2.7

To ensure the comparability of different datasets/classifiers, we
used the same training and validation samples for each classification.
For variable importance assessment and hyper-parameter tuning, two
additional point datasets were created.

2.2.5. Variable importance assessment
Variable importance assessment is a vital step when high-dimen-

sional datasets are used. Using only the most important variables can
result in higher classification accuracies than using all available fea-
tures (Maxwell et al., 2018). High-dimensional datasets with a large
number of predictors may result in model overfitting (Georganos et al.,
2018). Furthermore, removing irrelevant or redundant variables and
creating a sparse subset for classification helps to simplify statistical
problems and shortens data processing times (Genuer et al., 2015). The
selection of a particular method of variable importance assessment may
have great impact on the performance of different machine learning
classifiers (Georganos et al., 2018). There are many variable im-
portance assessment methods, out of which two of the most popular are
the Mean Decrease Accuracy (MDA) and Mean Decrease Gini (MDG)
statistics (Belgiu and Drăgu, 2016). However, MDA underperforms

Table 2
Eleven forest stand species mapped in this study with the number of subareas
and pixels used as training for classification.

Species Number of subareas Number of training pixels

Common beech 488 1934
Silver fir 507 2023
Norway spruce 268 1068
Scots pine 434 1716
Alder species 80 314
European larch 83 324
Oak species 24 95
Silver birch 22 86
Common hornbeam 26 93
Sycamore maple 14 56
Douglas fir 13 49
TOTAL 1959 7758
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other methods if many correlated variables are used (Georganos et al.,
2018). MDG provides more robust results (Calle and Urrea, 2011),
however, both of the statistics can differ from one model to another in
the case of using the RF algorithm (Behnamian et al., 2017). Thus, we
performed variable selection using VSURF (Variable Selection Using
Random Forest) and Recursive Feature Elimination (RFE). VSURF is the
algorithm implemented in Random Forest which provides a list of the
most discriminant features. VSURF returns two subsets of variables: a
subset of important variables including redundancy and a smaller
subset trying to avoid redundancy (Genuer et al., 2015). RFE is an al-
gorithm searching for the optimal subset of variables by performing
optimization algorithms (Pullanagari et al., 2018). Both algorithms
were used in R; VSURF was performed using the VSURF package
(Genuer et al., 2018) and RFE using the caret package (Kuhn et al.,
2019), based on the same point dataset for both algorithms. Following
this step, the datasets consisting of the most important variables were
selected as an input for the forest stand species classification: (i) 20 and
(ii) 49 variables selected by VSURF, (iii) 64 variables selected by RFE,
(iv) all 114 variables, and, additionally: (v) all BAP composites, (vi) all
STMs, (vii) single AVG metric, (viii) BAP composites/DEM, and (ix)
BAP composites/DEM/slope, in total nine datasets.

2.2.6. Forest stand species classification
The forest stand species classification was performed using three

non-parametric, machine learning algorithms: Random Forest (RF),
Support Vector Machines (SVM) and Extreme Gradient Boosting (XGB).

Random Forest is an ensemble classifier which consists of a com-
bination of decision trees (Breiman, 2001). Currently, it is one of the
most popular algorithms in remote sensing classification tasks, due to
its ease of use and providing high accuracy (Belgiu and Drăgu, 2016).
The hyperparamters in RF include number of trees (ntree) and number
of variables split at each tree node (mtry). In SVM, an optimal hyper-
plane that separates classes is obtained in the training step in order to
minimize the number of misclassifications (Mountrakis et al., 2011). In
SVM used in this study, the regularization or complexity c parameter is
tuned. XGB is a gradient tree boosting method (Chen and Guestrin,
2016), which has recently become popular in the data science com-
munity (Zhong et al., 2019). The most important hyperparameters that
control the complexity and fitness of XGB are: number of trees
(nrounds), the learning rate (eta), and the depth of each tree (max_-
depth; (Georganos et al., 2018)). Classification was performed using the
‘superClass’ function from the R package RStoolbox (Leutner et al.,
2019), and methods ‘svmLinear’ from the kernlab package (Karatzoglou
et al., 2004); ‘rf’ from the randomForest package (Liaw and Wiener,
2002) and ‘xgbTree’ from the xgboost package (Chen et al., 2019).

For all three methods, prior to the classification process, we per-
formed hyper-parameter tuning in which we employed adaptive cross-
validation using the ‘train’ function from the caret package (Kuhn et al.,
2019; Table 3) and a tune length (number of tuning parameter com-
binations) of 100. In adaptive resampling, two methods of tuning are
available – linear models and the Bradley-Terry model. When a large

number of tuning parameters is available, such as in XGB classifier, it is
recommended to use the Bradley-Terry model (Kuhn, 2014). Thus, we
used Bradley-Terry for tuning XGB and linear models for RF and SVM.
Then, the hyper-parameter tuning was performed separately for each
classifier and input dataset combination but with the same set of re-
ference samples (tuning dataset).

2.2.7. Accuracy assessment
For the classification accuracy assessment, implementing appro-

priate sampling strategies is crucial (Gómez et al., 2016). To evaluate
our classifications, the validation of forest stand species maps was
performed, following best practices for accuracy assessment (Olofsson
et al., 2014). We computed area-adjusted confusion matrices, overall,
producer's, and user's accuracies. For overall accuracies 95% confidence
intervals were calculated based on overall accuracy variance (Olofsson
et al., 2014). For the classification accuracy assessment, we used stra-
tified random sampling on 1959 clean subareas described in section
2.2.4., with strata based on the tree species. As recommended by
Olofsson et al. (2014), we did not perform proportional allocation and
increased the sample size for rarer classes. We decided to employ the
following allocation, after test runs: for the rarest classes, i.e. Douglas
fir, sycamore, and oak – sample size was set to 50 – a bigger sample size
would be impossible to obtain due to minimum distance criteria. For
the more common species in the study area sample size was conse-
quently increased (Table 4).

2.2.8. Simpson index map and ensemble map
Sometimes, combining the results of different algorithms can lead to

a reduction in uncertainty and obtaining higher accuracy and sensi-
tivity than with the use of individual models (Engler et al., 2013;
Healey et al., 2018). In order to evaluate the variabilities in the pre-
dictions between different classifications, for each pixel we calculated
the Simpson diversity index (SI; Simpson, 1949):

=
=

=
SI 1 p

i 1

i k
i
2

where pi is the proportion of class-wise predictions i within each pixel
and k is the number of classes. We produced SI map using stand species
maps obtained with best five models, i.e. five classifications with the
highest overall accuracy. The resulting pixel values ranged from 0 (i.e.
when all five models indicate the same species) to 0.8 (i.e. when all five
models predicted different species). This results in a measure of clas-
sification precision for each pixel, i.e. how repeatable the prediction is
when using different models. Additionally, to assess the spatial dis-
tribution of the precision, we calculated mean values of SI for all forest
pixels in each mesoregion (i.e. basic unit of physico-geographical di-
vision of Poland, (Solon et al., 2018)).

Based on the best five models, we produced an ensemble forest
stand species map - for each pixel the most frequent class was selected,
and for pixels in which none of the classes formed a majority, we as-
signed the class from the best SVM model. Additionally, we analysed
agreement between the five models for each pixel in order to assess the

Table 3
Hyperparameters selected for the machine learning algorithms used.

Parameters All variables 64 variables 49 variables 20 variables BAP BAP/DEM BAP/DEM/slope AVG STM

RF mtry 50 56 36 6 5 16 17 5 38
ntree 200 200 500 1000 1000 1000 1000 500 1000

SVM c 0.26 0.27 1.52 0.55 3.64 4.66 2.61 189.18 3.78
XGB nrounds 884 674 484 548 366 792 563 453 600

max_depth 2 6 5 7 5 4 8 5 6
eta 0.31 0.09 0.40 0.10 0.15 0.16 0.09 0.33 0.12
gamma 0.65 0.16 0.32 0.55 2.79 1.43 0.24 0.06 0.83
colspample_by_tree 0.57 0.52 0.42 0.46 0.65 0.49 0.62 0.69 0.32
min_child_weight 6 3 0 6 7 2 7 0 11
subsample 0.75 0.78 0.84 0.59 0.61 0.83 0.76 0.80 0.50
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species-wise classification precision. Then, the obtained ensemble map
was also assessed in terms of accuracy using the reference samples
described in 2.2.7.

3. Results

3.1. Variable importance assessment

When using the VSURF method for variable importance assessment,
all variables (114), 49 variables, and 20 variables were selected at the
thresholding, interpretation and prediction step, respectively (Fig. 3).
The most important variables were DEM, short-wave infrared 1
(SWIR1), short-wave infrared 2 (SWIR2), and visible red (VIS R) bands.

The top graphs in Fig. 3 show how the increasing number of variables
decreases the variable importance mean and standard deviation, while
the bottom graphs show the reduction in out-of-bag error at the inter-
pretation and prediction steps.

According to RFE, the highest accuracy was obtained when using 64
out of 114 variables (Fig. 4). The accuracy increases from 10 (85.2%) to
approx. 20 variables used (87%). After reaching the peak when 64
variables are used (88.2%), the resulting differences are minor, with
accuracy values oscillating between 87.5 and 88%. The best variables,
similarly to VSURF, are SWIR1 and SWIR2 bands (see the table in the

Table 4
Sample sizes selected for stratified random accuracy assessment based on ap-
proximated species proportions in the study area. Numbers in italics indicated
smaller number created than originally assumed due to the minimum distance
allowed criteria.

Species Estimated species proportions Sample size

Beech 0.312 300
Fir 0.238 300
Spruce 0.114 200
Alder 0.110 200
Pine 0.094 200
Larch 0.048 150
Hornbeam 0.033 100
Birch 0.020 61 (100)
Oak 0.014 50
Sycamore 0.014 40 (50)
Douglas fir 0.003 50

Fig. 3. Results of VSURF. The top graphs illustrate the thresholding step, where no variables were eliminated: (a) – results of variable ranking; black curve - mean
variable importance (VI), red line - threshold value for VI; (b) - black curve - standard deviation of VI; green line – prediction given by a CART (Classification and
Regression Trees) fitted to the standard deviations; dotted red line – minimum value of CART predictions - threshold value; (c) – interpretation step, where nested
collection of RF models is constructed; black curve - mean out-of-bag (OOB) error for nested random forest models, red line – the smallest OOB error; (d) - prediction
step: mean OOB error rate for embedded random forests models, i.e. 20 variables selected at prediction step. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

Fig. 4. Results of RFE: number of variables and predicted accuracy of the
model.

E. Grabska, et al. Remote Sensing of Environment 251 (2020) 112103

7



Appendix for variables selected using both methods; Table A2).

3.2. Forest stand species mapping with three machine learning algorithms

Forest stand species classification using ML algorithms provided
maps with high classification accuracies (Fig. 5). The highest classifi-
cation accuracies were achieved using the SVM classification of all and
64 variables (86.9% and 85.6% of OA, respectively). Using the smaller
dataset, i.e. 49 variables, resulted in slightly lower accuracy for SVM
classification (85.1% of OA). For almost all the tested classifications,
the SVM models outperformed the other two ML algorithms. The use of
the XGB model provided lower accuracies than SVM, however, when
fewer variables were used, i.e. 20 variables, the accuracy obtained by
XGB was higher (81.3%) than by SVM (79.5%). Furthermore, XGB
classification of 20 variables achieved a higher accuracy than XGB
classification of 49 variables (80.5% OA). The RF classifier yielded the

lowest accuracies in comparison with SVM and XGB. RF reached
highest OA when 64 variables were used (80.3%). The OA for all
variables was 79.3%. Using only BAP multi-temporal composites re-
sulted in an OA of 81.4% (SVM) and adding the DEM layer improved
OA to 83.6% Adding the slope variable resulted in a slight improvement
in accuracy using SVM (84.4%). The additional environmental vari-
ables also improved the OA of XGB, with overall accuracies of 79.1%,
80.8% and 82.5% achieved for BAP, BAP/DEM and BAP/DEM/slope,
respectively. The lowest accuracies were achieved when a single AVG
metric was used as input for classification, however SVM still reached
77% OA.

Table 5 shows the area-adjusted confusion matrix of the best clas-
sification generated in our study (SVM, all variables). The highest area-
adjusted producer's accuracies were achieved for beech, fir and spruce,
while the highest user's accuracies were found for Douglas fir, alder,
hornbeam and spruce. Low values of producer's accuracy characterized

Fig. 5. Area-adjusted overall accuracies for different combinations of input data and algorithms used for forest stand species classification with error bars indicating
95% confidence intervals. Black line indicates 85% accuracy.
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Douglas fir and sycamore, while the lowest user's accuracy was
achieved for pine and birch. The producer's and user's accuracy of
species also varied with input datasets (Fig. 6). In general, the most
common species provided more stable results in terms of accuracy, and
the biggest differences in producer's and user's accuracies characterized
Douglas fir, birch and sycamore. Douglas fir achieved very low values of
producer's accuracies. Adding the DEM mostly improved species-spe-
cific accuracies of spruce, oak and hornbeam.

The best SVM classification (Fig. 7) shows that the most abundant
species is common beech, covering approx. 31% of the Polish Car-
pathians (Table 6). The second most common species is silver fir (ap-
prox. 24%). Norway spruce and alder cover approx. 11% of the studied
forests, and Scots pine – 9.5%. Less-common species include larch
(4.8%), hornbeam (3.3%), birch (2%), oak (1.4%) and sycamore
(1.4%). The forest stand species map based on this classification reflects
well our understanding of the spatial distribution of species, showing
the dominance of beech, fir, spruce and pine (Fig. 7). Pines mainly
occur at lower elevations, while beech and fir are typically found in
mountain zones. Beech occurs across the complete study area, mostly in
lower montane zones. Fir is also typical for lower montane zones, and
occurs mainly in the central and eastern parts of the Polish Carpathians.
Alder stands do not form large homogeneous stands, and typically occur
in river valleys. Spruce stands are typically present in the western and
central parts of the Polish Carpathians and in upper montane zones.
Among less common species, oak stands occur at lower elevations,
especially in the northern part of the study area. Larch stands occur
across the complete Polish Carpathians.

To assess the patterns of precision derived from the Simpson Index,
we calculated mean SI values in mesoregions (Fig. 8). The lowest pre-
cision, i.e. highest SI values occurred in the foothills and basins, which
are areas with low forest cover, e.g. Silesia Foothills – mean SI index of
0.36, Gorlice Basin (0.33), and Żywiec Basin (0.32). The highest clas-
sification precision characterized mountain regions such as Reglowe
Tatra Mountains (mean SI of 0.07), the Sub-Tatra Depression (0.08),
Bieszczady Mountains (0.1), Żywiec-Kysuce Beskid (0.11), and the Low
Beskid Mountains (0.13).

The area-adjusted overall accuracy of the ensemble map based on
the five best models achieved an OA of 86.6%. Out of the 9146 km2 of

the Polish Carpathians forests, all five best models agreed in nearly 59%
of pixels (i.e. 5371 km2). On the other hand, areas in which none of the
examined species form a majority accounted for 4% of the total forest
cover (394 km2). The differences between the best single classification
and ensemble map are shown in Table 6. The situation where all five
models predict the same species was the highest for beech (74% of
beech-majority pixels), and fir (71%), and the lowest for Douglas fir
(7%) and birch (11%).

The performance of the obtained forest stand species map was also
visually compared with data from FDB. Fig. 9 shows the spatial dis-
tribution of forest stand species from the best classification map com-
pared with subareas with the dominant species and corresponding
Sentinel-2 image. This comparison shows a medium to high degree of
agreement between the classification and FDB data, but also noticeable
differences between the actual forest cover (represented by the Sen-
tinel-2 composite) and the FDB information.

4. Discussion

In this study, we produced forest stand species maps in a large,
mountainous area using three machine learning algorithms. We applied
Sentinel-2 seasonal composites and spectral-temporal metrics produced
using FORCE software as well as additional environmental variables,
and assessed their importance in species mapping. The best of our ex-
amined approaches using a SVM classifier provided forest stand species
maps of high accuracy - above 85% of OA. In comparison to previous
studies using Sentinel-2 imagery for forest stand species mapping, we
obtained similar classification accuracies (Bolyn et al., 2018; Hościło
and Lewandowska, 2019; Immitzer et al., 2019; Puletti et al., 2017;
Wessel et al., 2018), but mapped a substantially larger study area of
nearly 20,000 km2.

4.1. The importance of topographic variables in stand species classification

In our study, the most important variable for stand species classi-
fication was the elevation layer, which was ranked highest with both
variable importance algorithms. Adding that layer to the dataset for
classification resulted in an improvement of classification accuracies of

Table 5
Area-adjusted confusion matrix for the best accuracy classification (all variables SVM), populated by estimated proportions of area. Column totals refer to class
proportions according to reference data. Row totals refer to class proportions according to the predicted map. The traditional, non-area-adjusted confusion matrix is
provided in the Appendix (Table A3).

Reference
Alder Spruce Sycam

ore
Beech Birch Dougl

as Fir
Fir Hornb

eam
Larch Oak Pine Total

Alder 0.101 0 0.001 0 0.002 0 0 0.002 0.001 0.002 0.001 0.110
Spruce 0 0.102 0 0.001 0.001 0.004 0.003 0 0.003 0 0.001 0.114

Sycamore 0 0 0.012 0 0 0 0.001 0.001 0 0.001 0 0.014
Beech 0.008 0.001 0.003 0.275 0.003 0 0.003 0.013 0.005 0.001 0.001 0.312
Birch 0.001 0 0.002 0 0.015 0 0 0 0.001 0.001 0 0.020

Douglas 
F.

0 0 0 0 0 0.003 0 0 0 0 0 0.003

Fir 0.001 0.004 0.001 0.003 0.001 0.009 0.204 0 0.003 0 0.013 0.238
Hornbea

m
0 0 0.001 0.001 0 0 0 0.031 0 0 0 0.033

Larch 0.002 0 0.001 0 0.001 0 0 0.001 0.04 0 0.001 0.048
Oak 0.001 0 0 0 0 0 0 0 0.001 0.012 0 0.014
Pine 0.002 0.001 0 0 0.003 0.002 0.004 0 0.008 0 0.073 0.094
Total 0.115 0.108 0.021 0.280 0.027 0.018 0.214 0.048 0.062 0.017 0.09
PA 88.5 94.6 57.8 98.4 58.0 16.3 95.0 63.6 64.9 70.2 81.5
UA 92.2 89.7 85.2 88.2 76.9 100.0 85.6 92.8 83.8 86.0 78.1
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approx. 2–3%. Including the DEM layer in the classification helped to
better differentiate tree species such as hornbeam, oak and spruce.
These three species particularly follow a natural height gradient in the
Polish Carpathians (Fig. 10). Spruce occurrence, as an example, is de-
pendent on elevation (Hościło and Lewandowska, 2019), and it is in
fact the only species which occurs at elevations above 1200/
1250 m a.s.l. (upper montane zones; (Godzik and Grodzińska, 2008)).
On the other hand, hornbeam and oak stands occur at the lowest ele-
vations. Deciduous forests formed by these species typically cover
foothill belts, at up to 600–650 m a.s.l. (Godzik and Grodzińska, 2008).

Elevation and slope are reported as important variables in studying
mountainous areas, as they can reflect elevation zones and differences
in exposure to solar radiation (Ren et al., 2009). Although the benefit of
adding topo-climatic variables in studying smaller areas is known to be
limited (Engler et al., 2013), our findings confirm the results of previous
studies carried out in mountainous areas with larger spatial extent.
Abdollahnejad et al. (2017) found that elevation is the most important
factor in mapping species distribution. Interestingly, in their study

carried out in northern Iran, the importance of topographic variables
was also reported for hornbeam. In a study conducted in an mountai-
nous area in western Austria, the DEM was also among the most im-
portant variables (Dorren et al., 2003). Ren et al. (2009) higlighted that
even coarse-resolution DEM improve forest type mapping across large
areas significantly. Also, Hościło and Lewandowska (2019) indicated
that adding topographical information, particularly elevation, improves
the species classification especially in case of spruce. On the other hand,
Liu et al. (2018), and Bolyn et al. (2018) reported slope as the most
important variable in forest types classification.

4.2. The importance of spectral-temporal variables in stand species
classification

Among spectral-temporal variables, bands from BAP composites
were ranked high in the variable importance assessment, especially the
October and July composites were found relevant. This is in line with
other studies on vegetation mapping, which showed that using multi-

Fig. 6. Area-adjusted producer's and user's species accuracy using SVM model depending on dataset used. Red line indicates 80% accuracy. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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temporal imagery from different parts of the growing season improved
tree species classification (Immitzer et al., 2019; Key et al., 2001;
Madonsela et al., 2017; Mickelson et al., 1998; Persson et al., 2018).
The importance of seasonal imagery for broad-leaved species dis-
crimination, particularly from autumn months, confirmed the results of
our previous study (Grabska et al., 2019). Among S2 bands, the most
important variables include SWIR1, SWIR2, VIS R and red-edge bands,
which were also found to be crucial in other studies on forest species
mapping with Sentinel-2 data (Bolyn et al., 2018; Immitzer et al., 2019,
2016; Persson et al., 2018). This may be contributed to red-edge bands'
usefulness in providing information about the chlorophyll content of
vegetation (Gitelson et al., 1996; Masaitis et al., 2013), and LAI
(Delegido et al., 2011; Zarco-Tejada et al., 2018). SWIR bands have
been reported to be sensitive to needle water content (Senf et al., 2017),
and canopy leaf water content (Tucker, 1978). Furthermore, as vege-
tation water content is closely related to phenology, there is an impact
of phenology on SWIR reflectance (Olsen et al., 2013). The visible red
part of the spectrum is also sensitive to chlorophyll content (Hardisky
et al., 1983).

Although annual spectral-temporal metrics, in general, did not im-
prove stand species classification accuracy, in case of using only
average pixel values (AVG) for the studied period (i.e. from summer-
autumn 2017 and spring 2018), we were able to achieve an overall
accuracy of 77% with an SVM model. Taking into account the small size

of this dataset comprising of only 10 variables (bands), this is a pro-
mising result and could potentially be improved further when adding
some more features.

We created BAP and STM with the compositing technique im-
plemented in the FORCE software. Due to the large size of the study
area, producing consistent composites is a challenging task. BAP pro-
ducts' quality depends largely on the atmospheric conditions - frequent
cloud contamination (as in our study area) limits the possibilities to
obtain good quality and representative pixels. This was particularly
noticeable in the April BAP composite used in our study. Furthermore,
the study area spreads across three relative orbits of Sentinel-2 (see
Fig. 1 in methodology section). It implicates that for some parts of the
Polish Carpathians imagery is acquired once in every two - three days,
while for others only once in every five days. Indeed, the western edge
of the Polish Carpathians noticeably lacks good-quality imagery and
also, the middle part of the area is characterized by a lower observation
frequency. In comparable studies, only annual BAP image composites
are used (Hermosilla et al., 2016; Zald et al., 2016). Still, even in annual
composites, data gaps are reported (White et al., 2014). Therefore, on
the one hand, a single month may be too short to obtain high-quality,
representative pixels, while on the other, it may be too long to observe
subtle phenological changes between species. Large areas are char-
acterized by a highly diverse species composition, forest patterns and
management practices, as well as environmental conditions. For ex-
ample, the timing of phenological events differs across the region. This
is especially relevant for spring and autumn composites, when changes
are more rapid, and dense time series or imagery from a very specific
moment in time should be used. Also, the quality of STMs largely de-
pends on the number of clear-sky observations, and for large, moun-
tainous areas with frequent cloud cover, it may be difficult to obtain
reliable metrics (Frantz, 2019). On the other hand, intra-annual spec-
tral-temporal metrics, e.g. computed on a quarterly basis, were recently
reported as more promising in vegetation studies than annual metrics
(Rufin et al., 2019b), thus their application in forest species mapping
should be further examined.

Feature selection and variable importance assessment are important
steps in studies with high-dimensional spatial datasets to reduce the
feature space and indicate variables with the highest contribution to
classification accuracy. Both variable importance methods, VSURF and
RFE, indicated that in order to achieve high accuracy, not necessarily
all variables must be used. Sometimes, even a slight decrease in accu-
racy with increasing number of variables occurs (Fig. 4), most likely
due to the non-informative variables added into the model.

Fig. 7. Forest stand species map based on the best SVM classification.

Table 6
Area covered by species in the best single classification map, ensemble map,
and the percent of pixels from ensemble map where all five models agreed
(predicted the same species).

Best single
classification [km2]

Ensemble map – most
frequent class [km2]

% of pixels where
all models agreed

Alder 1005 999 51
Beech 2855 2893 74
Birch 286 115 10
Douglas fir 23 15 7
Fir 2176 2076 71
Hornbeam 302 243 28
Larch 442 373 22
Oak 128 100 23
Pine 860 1016 50
Spruce 1044 843 64
Sycamore 127 79 11
None 0 394 –
Total 9146 9146 –
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4.3. Machine learning algorithms performance in stand species classification

The second objective of this study was to evaluate the impact of
three ML algorithms on the accuracy of forest stand species classifica-
tion. For almost all datasets used in the study, the SVM classifier pro-
vided the highest accuracies, followed by XGB and RF algorithms. XGB
performed better when only the 20 most important variables were used.
When using RFE and VSURF variable importance methods, the di-
mensionality of our datasets could be well reduced by choosing only the
most important variables (Fig. 11). However, both methods seem to be
more useful when the tree-based RF and XGB models were used – the
differences between classification accuracies are rather small, particu-
larly in case of the RF classifier (77.9% achieved by 20 variables versus
80.3% - 64 variables). In case of SVM, the more variables we used, the
higher the accuracies we achieved. It may be a premise that SVM deals
better with larger datasets even consisting of correlated and redundant
variables. On the other hand, the smallest dataset used, consisting of
average pixel values during the studied period (AVG), i.e. 10 bands,
also provided much higher accuracies for SVM than for XGB and RF.

As noted in the introduction section, in most forest stand species
mapping studies using Sentinel-2 imagery, only the RF algorithm was
used (Bolyn et al., 2018; Grabska et al., 2019; Hościło and
Lewandowska, 2019; Immitzer et al., 2019, 2016; Persson et al., 2018;

Puletti et al., 2017). RF is a very popular algorithm, which is often
faster in comparison to others, and does not require advanced hyper-
parameter tuning (Belgiu and Drăgu, 2016). However, few studies re-
ported SVM provided higher accuracies than RF when Sentinel-2
(Karasiak et al., 2017; Wessel et al., 2018), and Formosat-2 imagery was
used (Sheeren et al., 2016). Cheng and Wang (2019) reported higher
accuracies achieved by time-weighted dynamic time warping than RF
and SVM classifiers when combined Sentinel-2 and Landsat-8 time
series were used. In general, use of the emerging XGB algorithm pro-
vided moderately high classification accuracies, but provided the
highest accuracy when only the 20 most important variables were used.
Therefore, the XGB classifier should be further examined in remote
sensing studies of vegetation.

Particular ML algorithms are dependent on training data, mapped
classes and predictor variables (Lawrence and Moran, 2015; Maxwell
et al., 2018; Wessel et al., 2018). Most ML algorithms require hyper-
parameter tuning. The optimization of a hyper-parameter is a key as-
pect in ML algorithms training process, and optimal parameters values
vary across sites, therefore, an extensive grid search is needed (Heydari
and Mountrakis, 2018). For example, the RF variant named BagTE has
been reported as the most tolerant to limited parameter search, while
SVM – the least tolerant (Heydari and Mountrakis, 2018). Also, the
characteristics of the reference data used in this study may have an

Fig. 8. Maps derived from Simpson Index. a – SI values for each forest pixel; b – mean SI index for mesoregions. Mesoregions with the highest and the lowest mean SI
described.
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impact on the classification results – for example, it would be best to not
use the same reference polygons for training and validation. However,
we were not able to draw a sufficiently large sample for all tree species
when examining this strategy. Especially for the less common species,
either only few polygons would be left for the validation, or we would
have needed to decrease the trainings sample size, which in turn would
have degenerated model performance. Therefore, we chose to follow
the strategy of randomly selected points with a specified minimum
distance between them as a compromise. As reported, RF may struggle
with less-common classes and corresponding imbalanced training data
(Maxwell et al., 2018), while SVM may perform better in this case
(Heydari and Mountrakis, 2018). Lawrence and Moran (2015) and
Maxwell et al. (2018) recommend testing different ML algorithms in
order to find the optimal one for a specific classification task, indicating
the case-specificity of optimal models. Therefore, the possible reasons
for a better performance of SVM in this study may be attributed to
different aspects such as imbalanced training, as well as the large size
and high dimensionality of the datasets, the large studied area and the
corresponding environmental diversity.

4.4. Evaluation of classification precision

We produced two additional maps based on the five best models –
the Simpson Index map and the ensemble map. Combining results from
different models may not only improve the classification accuracy, but

also give information on the classification quality. With this approach,
it was possible to specify a classification precision for each pixel and,
therefore, identify areas and species where the classifier faced more
problems.

The Simpson Index map showed that the highest mean SI value, i.e.
low precision, characterized foothills and basins with low forest cover,
while higher precision occurred in mountain regions, especially with
high forest cover percentage (Fig. 8). In most of the regions, there is a
noticeable relationship between the forest cover percentage and SI
index. Furthermore, for some areas, the precision is related to the pixel
quality (Fig. 12). As seen in the upper and middle panels, low classi-
fication precision is often a result of residual cloud or cloud shadow
contamination in the BAP images. The upper panel (a) shows the
highest part of the studied area – Western Tatra Mountains, with ele-
vations exceeding 1200 m a.s.l. Here, erroneous stand species classifi-
cation can be observed - where only spruce should occur, pixels were
misclassified as Douglas fir and hornbeam. Interestingly, the ensemble
map gives better results for this area (spruce stands are not misclassified
as hornbeam). The middle panel (b) shows the area of Silesian Foothills,
characterized by a lower Sentinel-2 revisit time than most of the studied
area due to overlapping Sentinel-2 orbits. Bottom panel (c) shows part
of the Bieszczady Mountains with high forest and canopy cover, and
fairly high classification precision. In a single species-dominated stands,
there is a high classification precision, and it decreases significantly on
the border of stands with homogeneous species composition. Overall,

Fig. 9. Differences between dominant species from Forest Data Bank subareas (left),the best SVM classification (centre), in comparison to July BAP composite in band
combination NIR, SWIR1 and VIS R (right); a) Brzesko Forest District in the northern part of the Polish Carpathians. b) Limanowa Forest District in the southern part.
c) Baligród Forest District in the eastern part.
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Fig. 10. Occurrence of species in the Polish Carpathians; a - based on FDB reference subareas; b – based on SVM classification. Width of the boxplot corresponds to
the area covered by species; Red lines indicate 600 and 1250 m a.s.l. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)

Fig. 11. Classification accuracies achieved depending on datasets from variable importance assessment.
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the ensemble map slightly underperformed the best single classifica-
tion, but it provided information not only on spatial, but also species-
wise precision distribution. We observed the highest precision, i.e. a
high percentage of pixels for which all five models predicted the same
species, for beech and fir (> 70%), while the precision decreased sys-
tematically for less-common species in the order: spruce (64% of
spruce-majority pixels), alder (51%), pine (50%), hornbeam (28%), and
larch (22%). Among the remaining four less-common species we ob-
served moderately high values for oak with 23%, and very low values
for sycamore, birch and Douglas fir. Oak, which is relatively rare, in
contrast to birch and sycamore, form homogenous stands in the
northern part of the Polish Carpathians which may be a reason for its
higher precision.

Classification errors are also depicted in the elevation ranges of the
species extracted from our best classification map – although they agree
well with the known distribution of the FDB, a range of outlier values
indicates the presence of some misclassified pixels (Fig. 10). The most
evident case is Douglas fir, which is the least common studied species
whose occurrence is clearly overestimated at higher elevations. This is
also mirrored in the low producer's accuracy of Douglas fir. As seen in
Table 5, Douglas fir is often misclassified as fir (0.9% of the studied
area) and spruce (0.4% of the studied area) which typically occur at
higher elevation. However, in the final map Douglas fir covers only
0.3% of the area. Low accuracies for Douglas fir and a frequent con-
fusion with fir was also reported by Sheeren et al. (2016). However,
Douglas fir achieved 100% user's accuracy, meaning that other species

were seemingly not misclassified as Douglas fir. We acknowledge,
however, that this accuracy measure has some uncertainty as we found
some minor confusion with spruce in the Tatra National Park (for which
no FBD data exists).

Among broad-leaved species, less-common broadleaved species are
classified as beech, particularly hornbeam (1.3% of the study area) and
alder (0.9%). Also, larch stands are misclassified as pine (0.8% of area),
and pine as fir (1.3%). The misclassification is partially due to the
spectral similarity between these species, as reported in our previous
study (Grabska et al., 2019). Also, within-species variations resulting
from tree age or health, as well as local site conditions may influence
the accuracy of the classification (Leckie et al., 2005).

4.5. Mapping forest stand species: Sentinel-2 vs forest inventory data

Using our approach, it is possible to assess the spatial distribution of
particular species, also for private forests and other areas, where na-
tional forest inventory data are not easily available. For example, in the
Polish Carpathians, the percentage of private forests is approx. 32%
(Biuro Urządzania Lasu i Geodezji Leśnej, 2017). Furthermore, there
are large areas of secondary forest succession in the Polish Carpathians,
which took place in recent decades (Kolecka et al., 2017), and are not
included in the official reports. The comparison of our classification
results to the FDB (Fig. 9), shows the differences between the actual
extent of forests and information from the database. There are some
discrepancies between species composition, arising both from the

Fig. 12. Two regions with low classification precision: a - Western Tatra Mountains; b - Silesian Foothills and one with high precision: c – Bieszczady Mountains.
From left: SI map, best SVM classification, ensemble map, April BAP.
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characteristics of FDB, where species information is aggregated to the
forest stand level, and from errors in our classification. Furthermore,
this visual comparison shows only dominant species for each FDB
subarea. With the use of remote sensing, more detailed stand species
maps can be obtained. For example, smaller and non-regular stands or
group of trees, not officially included in forest databases can be dis-
criminated. A common example are smaller alder stands typically oc-
curring along streams and rivers.

The share and distribution of particular species differ from the in-
formation obtained from other sources. For example, the share of
spruce stands is smaller than that in past estimates. According to Godzik
and Grodzińska (2008), 21.7% of the Polish Carpathians are covered by
spruce stands, while according to Zięba (2010), it is 13.1%. In our study
only ~11% forest areas in the Polish Carpathians are covered by spruce.
Even taking into account the possible underestimation of spruce in our
classification (see for example Fig. 12, panel a), there is a decreasing
share of spruce stands as a consequence of their decline caused by bark
beetles outbreaks, occurring mainly in the western part of the Polish
Carpathians (Grodzki, 2010). This shows how important the monitoring
of forest stand species composition is and that it may be successfully
performed in a routine manner with the use of freely available Sentinel-
2 data. However, there are still limitations of this approach; for ex-
ample, classification of less common tree species remains challenging.
Also, apart from the eleven tree species mapped in our study, other
species occur in the Polish Carpathians, such as aspen, ash, and willow.
However, they do not form large and homogeneous stands, thus, it is
very challenging to obtain representative reference samples. Further-
more, Sentinel-2 imagery resolution may not allow to discriminate such
smaller groups of trees. Still, these less-common species are crucial in
terms of biodiversity and other key environmental aspects.

5. Conclusions

We produced high-quality forest stand species maps for the entire
Polish Carpathians (19,830 m2), which allow to assess the current
distribution of forest stand species. The most accurate results were

obtained by a SVM classification (86.9% of OA), which outperformed
two other classifiers for most of the examined input datasets. Although
combining results from different models did not improve the overall
classification accuracy, it yielded highly valuable information on clas-
sification quality. Employing an ensemble approach resulted in in-
formation about the classification precision, which can inform about
the classification stability at specific locations or for specific species.
The Simpson Index map indicated that the most problematic areas
occur in foothills and basins with lower forest cover, in areas with in-
sufficient high quality imagery, as well as at borders of forest stands.
Likewise, classification precision is lower for tree species that do not
form large, homogenous stands. Our results confirmed that an elevation
layer contributes to an improved forest stand species accuracy in large,
mountainous area mapping, particularly for species that follow a nat-
ural height gradient.

In this study, we have demonstrated the value of employing freely
and openly available Sentinel-2 imagery, as well as open source soft-
ware, which resulted in a reproducible workflow that can potentially be
used in a routine manner to map forest stand species distribution on an
annual basis for large areas, and might thus provide up-to-date in-
formation for forest management at the local and regional scale.
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Appendix

Table A1
Area-adjusted confusion matrix for the forest/non-forest classification.

Reference

Forest Non-forest

Forest 0.453 0.008
Non-forest 0.011 0.527
PA 97.57 98.42
UA 98.16 97.91
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Fig. A1. Forest mask in the Polish Carpathians with training (blue) and validation (red) data or forest/non-forest classification. Reference polygons were depicted as
points. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table A2
Most important variables selected for stand species classification by different methods.

Rank Variable (RFE) Variable (VSURF – interpretation step) Variable (VSURF – prediction step)

1 DEM DEM DEM
2 SLOPE JUL SWIR1 JUL SWIR1
3 OCT RE2 JUL SWIR2 JUL SWIR2
4 OCT SWIR2 OCT VIS R OCT VIS R
5 MIN SWIR1 APR SWIR1 APR SWIR1
6 JUL SWIR1 Q75 SWIR1 Q75 SWIR1
7 AVG SWIR1 MAX RE1 MAX RE1
8 Q25 SWIR1 Q25 VIS R Q25 VIS R
9 JUL SWIR2 STD RE3 STD RE3
10 STD RE2 OCT SWIR2 OCT SWIR2
11 OCT SWIR1 STD RE2 AVG VIS R
12 OCT VIS R AVG VIS R AVG SWIR1
13 APR SWIR1 AVG SWIR1 APR SWIR 2
14 MIN SWIR2 OCT SWIR1 MAX SWIR2
15 OCT RE3 STD RE1 SLOPE
16 STD RE3 APR SWIR2 JUL RE1
17 MAX SWIR2 Q25 SWIR1 JUL NIR2
18 Q75 SWIR1 MAX SWIR2 OCT RE2
19 Q25 SWIR2 Q25 SWIR2 Q75 RE3
20 AVG SWIR2 MIN SWIR2 AVG RE3
21 OCT VIS G MIN SWIR1
22 RNG RE2 RNG RE2
23 Q25 VIS R AVG SWIR2
24 AVG VIS R MIN VIS R
25 APR SWIR2 Q75 SWIR2
26 JUL VIS B RNG RE1
27 RNG RE3 SLOPE
28 STD RE1 APR RE2
29 MAX RE1 JUL VIS R
30 JUL RE1 JUL NIR2
31 JUL VIS R RNG RE3
32 Q75 SWIR2 OCT RE2
33 OCT RE1 Q25 VIS B
34 STD SWIR2 JUL RE3
35 STD NIR2 AVG VIS B
36 MIN VIS R MAX SWIR1
37 MAX SWIR1 RNG NIR2
38 RNG SWIR2 JUL RE2
39 RNG RE1 OCT RE1
40 Q75 RE3 Q75 RE3
41 APR RE1 APR VIS R
42 DIST Q75 VIS R
43 STD VIS R Q75 NIR2
44 OCT VIS B AVG NIR1
45 RNG NIR2 RNG SWIR2
46 IQR SWIR2 STD SWIR2
47 Q75 VIS R STD VIS R
48 MAX RE2 AVG RE3
49 AVG VIS B MIN VIS B

(continued on next page)
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Table A2 (continued)

Rank Variable (RFE) Variable (VSURF – interpretation step) Variable (VSURF – prediction step)

50 JUL VIS G
51 Q75 NIR2
52 APR VIS R
53 APR RE3
54 JUL NIR2
55 MIN VIS B
56 Q75 RE2
57 MAX RE3
58 MIN RE3
59 MIN RE2
60 APR RE2
61 APR NIR2
62 OCT NIR2
63 JUL RE3
64 JUL RE2

Table A3
Traditional Confusion matrix for the best SVM classification.

Reference

Alder Spruce Sycamore Beech Birch Douglas Fir Fir Hornbeam Larch Oak Pine Total

Alder 178 0 1 0 4 0 0 4 2 3 1 193
Spruce 0 191 0 1 1 8 5 0 6 0 1 213
Sycamore 0 0 23 0 0 0 2 1 0 1 0 27
Beech 8 1 3 292 3 0 3 14 5 1 1 331
Birch 2 0 4 0 40 0 0 1 2 3 0 52
Douglas F. 0 0 0 0 0 25 0 0 0 0 0 25
Fir 1 5 1 4 1 13 280 0 4 0 18 327
Hornbeam 0 0 3 2 0 0 0 77 1 0 0 83
Larch 5 0 3 1 3 0 1 3 109 1 4 130
Oak 2 0 1 0 1 0 0 0 2 37 0 43
Pine 4 3 1 0 8 4 9 0 19 1 175 224
Total 200 200 40 300 61 50 300 100 150 47 200 1427
PA 89.0 95.5 57.5 97.3 65.6 50.0 93.3 77.0 72.7 78.7 87.5
UA 92.2 89.7 85.2 88.2 76.9 100 85.6 92.8 83.8 86.0 78.1
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Abstract

Forest stand reflectance at the canopy level results from various factors, such as vegetation

chemical properties, leaf morphology, canopy structure, and tree sizes. These factors are

dependent on the species, age, and health statuses of trees, as well as the site conditions.

Sentinel-2 imagery with the high spatial, spectral, and temporal resolution, has enabled

analysis of the relationships between vegetation properties and their spectral responses at

large spatial scales. A comprehensive study of these relationships is needed to understand

the drivers of vegetation spectral patterns and is essential from the point of view of remote

sensing data interpretation. Our study aimed to quantify the site and forest parameters

affecting forest stands reflectance. The analysis was conducted for common beech-, silver

fir- and Scots pine-dominated stands in a mountainous area of the Polish Carpathians. The

effect of stands and site properties on reflectance in different parts of the growing season

was captured using the dense time series provided by Sentinel-2 from 2018–2019. The

results indicate that the reflectance of common beech stands is mainly influenced by eleva-

tion, particularly during spring and autumn. Other factors influencing beech stand reflec-

tance include the share of the broadleaved understory, aspect, and, during summer, the age

of stands. The reflectance of coniferous species, i.e., Scots pine and silver fir, is mainly influ-

enced by the age and stand properties, namely the crown closure and stand density. The

age is a primary driver for silver fir stands reflectance changes, while the stand properties

have a large impact on Scots pine stands reflectance. Also, the understory influences Scots

pine stands reflectance, while there appears to be no impact on silver fir stands. The influ-

ence of the abovementioned factors is highly diverse, depending on the used band and time

of the season.

Introduction

The spectral properties of vegetation depend on a variety of factors, such as the leaf water con-

tent, pigment and non-pigment leaf constituents, and internal leaf structure [1, 2]. Forest
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reflectance at the canopy level, i.e., as seen from satellite imagery, is a complex phenomenon

resulting from the leaf chemical properties, morphology, distribution, canopy structure and

various tree sizes [1, 3]. Furthermore, at the stand level, a spectrum can represent a mixture of

materials with different reflectance properties [4]. These characteristics are dependent on the

tree species, age, and health status, and additionally the forest structure properties, such as the

canopy closure, as well as the site conditions, e.g. elevation [5–8]. Finally, the reflectance is

related to the spatial resolution of the used imagery, where very high-resolution data allow

individual crowns to be distinguished, while with lower spatial resolutions, pixels represent a

mixture of different canopies and often the background.

The role of individual sources of vegetation reflectance variability is controlled by the scat-

tering and absorption of electromagnetic waves of different lengths [1]. The typical reflectance

of healthy vegetation is characterized by a low reflectance in the visible range, excluding green

waves, an abrupt increase in the red-edge region (~700 nm; RE), high reflectance in the near-

infrared (NIR) region, and a decrease around 1500 nm in the short-wave infrared (SWIR) part

of the spectrum [2]. In visible waves, reflectance largely depends on pigment content [9]. In

the RE region, there is a transition from strong absorption by chlorophyll to high reflectance

in the NIR region, related to the scattering of internal leaf structures and the canopy [9–11].

The SWIR part of the spectrum is sensitive to the leaf and canopy water content [10, 12]. The

reflectance of vegetation changes during the growing season, corresponding to the phenologi-

cal cycle. Reflectance variability is more pronounced in deciduous species; however, ever-

green conifers also exhibit seasonal reflectance variations [8].

Regarding the stand age, changes in the canopy reflectance are related to vegetation physio-

logical and structural properties [13]. In general, younger trees tend to have higher reflectance

than older ones [14]. With an increasing tree age, a decline in foliage photosynthesis occurs

[15]. In the case of conifer trees, the leaf area index (LAI) is correlated with the age of trees

[16], and needle age has an impact on near-infrared transmittance and reflectance [17, 18]. In

the case of broad-leaved forests, the influence of forest age on reflectance has also been

reported in the near-infrared region [14]. However, the differentiation of stand age classes is

rather a result of structural differences, for example, in very young forest stands, the reflectance

may be dominated by the understory vegetation or soils [19]. On the other hand, in older

stands, the roughness of the forest canopy increases, there is a lower density of stems [20], and

gaps are more numerous and larger, which causes the increase of shadowing and, therefore,

lower stand reflectance [14, 21]. Furthermore, there is an effect of the understory vegetation

on stand reflectance [22], and it changes during the growing season [23]. Particularly, with

open crown closure, more understory vegetation can be seen from remote sensing data [24],

and the contribution in sparse canopies can be even larger from the understory than the tree

canopy reflectance itself [25]. Thus, at the stand level, the influence of the background signal

may differ in stands with similar species compositions but differing canopy closures or crown

shapes [3, 26]. The abovementioned relationships have been used in studies for predicting and

classifying forest stand age using optical remote sensing data [16, 27–32] and determining the

successional stages of forests [33, 34].

Other factors which have an impact on vegetation reflectance include the site conditions.

Different illumination and light environments can affect the optical properties of leaves and

needles [6]. In the case of deciduous species, there is a large phenological variability caused by

elevation-related temperature gradients and the local microclimate [35–37]. Typically, there is

a negative correlation between leaf onset and elevation [36]. In remote sensing studies, the

impact of elevation changes on reflectance values has been reported for paper birch [38] and

spruce [39]. Furthermore, trees elevation-related stress has been reported [38, 40]. Trees dis-

turbances can significantly influence stand reflectance, causing, for example, leaf discoloration
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Hub (https://scihub.copernicus.eu/). The Sentinel-2

Level-2A product was used in this study. Four

Sentinel-2 tiles were used: 34UFA, 34UFV, 34UEA,

and 34UFV. The Forest Data Bank datasets (Forest

inspectorates data) are available in shapefile

formats from their website (https://www.bdl.lasy.

gov.pl/portal/wniosek-en). Digital Elevation Model

from ISOK project is available to download here

(https://mapy.geoportal.gov.pl/).
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and defoliation [41]. The reflectance differences between the same tree species may also occur

due to site fertility [42, 43], which can also influence forest floor reflectance [44, 45]. Still, the

influence of all the aspects mentioned above on forest reflectance has not yet been fully

explored at the stand level, as for example, that which is seen with high-resolution satellite

imagery.

With satellite imagery, it is now possible to study the vegetation properties and site condi-

tions impact on reflectance at larger scales and with higher frequency. The high temporal reso-

lution is essential, as the vegetation changes can be very rapid, particularly at the beginning

and the end of the growing season. In recent years, Sentinel-2 imagery has been successfully

used in determining various forest stand properties. With 10 and 20 meter spatial resolutions,

Sentinel-2 imagery allows assessment of at both the tree- and stand-level scales [8]. The repeti-

tion cycle of Sentinel-2 mission is two to five days. Furthermore, Sentinel-2 sensors provide 13

spectral bands–particularly SWIR and RE bands are promising in analysis of vegetation prop-

erties. In studying relationships between growing stock and volume, particularly Sentinel-2

SWIR1 band was characterized as highly correlated [46]. Similarly, the role of three narrow RE

bands should be examined, as, for example, the RE1 band was found as the most important in

predicting forest structure parameters [47].

Although the general principles of forest stand reflectance are well studied, the detailed

information on reflectance variability patterns in space and time is still needed. Particularly,

the multivariate analysis, including different site and stand properties as predictors is essential,

as commonly these drivers are considered separately. These relationships should be studied for

different tree species, both deciduous and ever-green. In general, this information is valuable

to interpret the remote sensing signals, analyze spectral patterns of vegetation and understand

the relevant drivers [1, 18, 48]. Also, there is a need to understand how the different stand

properties influence the reflectance in terms of estimating forest variables from satellite imag-

ery [26]. Thanks to this knowledge, satellite imagery can be used to determine the features of

stands, such as species composition, density, growing stock volume and biomass or the age of

stands [49–51]. Understanding the impact of forest stand properties and site conditions on the

forest reflectance is of crucial importance for applying remote sensing technologies to monitor

forest ecosystems. Linking the diversity of forest reflectance caused by different stands and site

characteristics allows for applying the satellite remote sensing in forest inventory. The research

results may also be of importance in the assessment of forest sites. Particularly when analyzing

large geographic extents with various conditions, e.g. characterized by an extensive range of

elevations, and forest stand properties, these factors should be considered.

This study aims to evaluate how the different forest stand parameters and site conditions

influence the forest stand reflectance of common beech-, silver fir- and Scots pine-dominated

stands in mountainous areas, specifically the Polish Carpathians. The dense time series of Sen-

tinel-2 are used to provide a comprehensive analysis showing species and site-specific spectral

responses in different parts of the growing season. The research novelty consists of the simulta-

neous consideration of the impact of site conditions, the structure of stands, the age of trees

and understory vegetation on broadleaved and coniferous forests reflectance. In particular, the

influence of the following parameters on forest stand reflectance are examined:

• Site conditions: elevation, aspect, and slope;

• Forest structure: stand density and crown closure;

• Tree age;

• Understory vegetation type.
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Materials and methods

Study area

For the analysis, a test site of approximately 13,000 km2 was selected. It is composed of 28 For-

est Districts (i.e. a basic forest management unit in the Polish State Forests structure), located

in southeastern Poland (Fig 1). These Forests Districts were selected based on two criteria: 1)

laying in the Carpathians, the Carpathians foothills or the Outer Subcarpathia region and, 2)

laying within the area of four examined Sentinel-2 tiles. The study site consists of mountainous

areas (Lesiste and Mid-Beskidy Mountains), as well as mountain foothills (Mid-Beskidy Foot-

hills) and basins (Sandomierz Basin). At the test site, elevation ranges from 150 to 1180 meters

a.s.l., and forest covers approximately 38% of the area, predominantly distributed in the moun-

tainous areas. The dominant forest species are common beech (Fagus sylvatica), silver fir

(Abies alba) [52], and Scots pine in the foothills and basins (Pinus sylvestris); [53]), and these

are the three species analyzed in this study. Forest management systems applied in the study

area are adjusted to the forest species composition. Beech-dominated stands are managed with

shelterwood system; silver fir dominated stands are managed by stepwise cutting, whereas

Scots pine stands are mostly managed with a clear-cutting system.

Satellite imagery collection and pre-processing

Multi-temporal Sentinel-2 imagery from the years 2018 and 2019 were used in this study (Fig

2). Although the “base” year for our analysis was 2019, we used three Sentinel-2 images from

Fig 1. Study area located in southeastern Poland. Green areas represent forest cover. Forest cover mask was freely downloaded from

Copernicus Land Monitoring Service (https://land.copernicus.eu/pan-european/high-resolution-layers/forests).

https://doi.org/10.1371/journal.pone.0248459.g001
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May 2018, as data from this part of the season was missing in 2019 due to heavy cloud cover.

Sentinel-2 Bottom-of-Atmosphere products were downloaded using the sen2r package in R

[54]. The study site contained four Sentinel-2 tiles, (34UFA, 34UFV, 34UEA, and 34UFV).

Ten bands with 10- and 20-meter spatial resolutions were used, i.e., visible blue, green, and

red, RE 1–3, NIR 1–2, and SWIR 1–2. All images with cloud cover less than 30% were down-

loaded, and then they were further visually inspected for clouds. Finally, 16 dates were selected

for analysis. For the selected images, cloud, cloud shadow, and snow masking were applied.

These masks were derived from the Sentinel Land Cover classification product [55], and the

masking was performed in R using raster package [56].

Reference data

Reference data about the forest stand species were derived from the Forest Data Bank (FDB)

for the year of 2019. The FDB is a freely available dataset containing information on state for-

ests in Poland. It consists of so-called subareas (stands), i.e., homogeneous forest areas for

which the share of particular species is known. The information used for our study included

tree species share, tree age, crown closure, stand density, and understory vegetation. For the

analysis of reflectance, only stands with a 100% share of a particular tree species were selected.

Here, 12,235 stands were selected, including 2726 stands for common beech, 2201 for silver

fir, and 7308 for Scots pine. The mean size of the analyzed stands was 8.6 ha. The age of the

analyzed beech stands ranged from 4 to 174 (mean of 87.5), fir from 5 to 162 (mean of 82.8),

and pine from 2 to 151 years (mean of 68.6). For each stand, the information on stand proper-

ties was assigned from FDB, i.e., the stand age, crown closure, stand density, and understory

(species and share).

A microclimate is strongly related to topography, which characterizes climate conditions

[57]. Therefore, in order to characterize site conditions as the indirect measures of regional cli-

mate variations, we used elevation above sea level. Local microclimate variation was also char-

acterized with aspect and slope. Topographic characteristics were calculated using a 1-meter

resolution Digital Elevation Model (DEM) acquired from the Polish IT System for Country’s

Protection Against Extreme Hazards. The DEM was resampled to a 10-meter resolution, and

the slope and aspect were calculated (Table 1). Then, the mean values of the environmental

variables were assigned for each stand polygon.

Finally, for further analysis, the mean reflectance values from each Sentinel-2 band for all

examined dates were extracted to stand polygons.

Regression models

Firstly, in order to determine which properties have an impact on stand reflectance we per-

formed preliminary analysis. This was carried out with correlation matrices and the visual

analysis of scatterplots. Furthermore, a cleaning function was applied to the data to remove

outliers arising from erroneous observations. Multivariate outliers were detected using the

minimum covariance determinant [58] using the MASS package [59].

Fig 2. Sentinel-2 acquisition dates in years 2018 and 2019.

https://doi.org/10.1371/journal.pone.0248459.g002
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Based on the preliminary analysis step, using the most important variables for the selected

dates and bands, regression models were fitted. Mean stand reflectance values from ten ana-

lyzed Setninel-2 bands were used as dependent variables. We used Generalized Additive Mod-

els (GAMs; [60]), where the dependent variable is modeled as a sum of various smoothing

functions. GAMs are flexible and easy to interpret, and they can model complex relationships

[61, 62]. The performances of the models were assessed using the adjusted coefficient of deter-

mination (R2). Both single and multiple regression models were constructed (Table 2). GAMs

were fitted in R using mgcv package [61].

Results

Common beech

The elevation was the most important driver for beech stand reflectance changes, particularly

during spring (the beginning of May) and autumn (the middle of October; Table 3; Fig 3). The

elevation is also more significant than two other environmental variables (Fig 5).

Table 1. Predictive variables used in this study.

Variables Description and units

Site

conditions

Elevation Meters above sea level

Slope Degrees

Aspect Degrees

Stand

properties

Age Years

Crown closure 1 (open)

2 (sparse)

3 (moderate)

4 (close)

Stand density Determined by comparing the stand volume (wood volume) actually existing

in the stand of a given species per 1 hectare to the potential volume, given by

comparing the yield tables of a fully stocked stand of a given site index. For

example, if the actual volume of the stand is 240 m3/ha while 300 m3/ha is

shown in the yield tables, then the stand density is 240/300 = 0.80. Rarely has

values above 1.

Understory

vegetation

Coniferous/broadleaved: 0 (no understorey) to 10 (full understory)

Additionally, in the case of Scots pine stands, for the purpose of visualization,

the information on the dominant understory species was used (beech, oak,

fir).

https://doi.org/10.1371/journal.pone.0248459.t001

Table 2. Single and multiple GAMs fitted in this study.

species Predictor variables dates

Beech Elevation Spring, autumn

Age Summer

Understory vegetation Spring, autumn

Elevation + slope + aspect Spring, autumn

Fir Age All year

Age + stand density + slope All year

Pine Age All year

Stand density All year

Understory All year

Age + stand density + elevation + understory All year

https://doi.org/10.1371/journal.pone.0248459.t002

PLOS ONE The effect of stand and site properties on forest reflectance from Sentinel-2 time series

PLOS ONE | https://doi.org/10.1371/journal.pone.0248459 March 15, 2021 6 / 23

https://doi.org/10.1371/journal.pone.0248459.t001
https://doi.org/10.1371/journal.pone.0248459.t002
https://doi.org/10.1371/journal.pone.0248459


In general, the patterns and spectral behavior for the region from RE2 to NIR2 were very

similar. In spring, the relationships were positive between the visible and RE1 reflectance and

elevation while negative for RE2-NIR2 region (Fig 3). The strongest relationships between the

elevation and reflectance of beech stands occurred for visible and RE1 reflectance on all May

dates (R2 = 0.4–0.5). For RE2-NIR2, the strongest correlations were observed on May 2nd and

7th. The changes in reflectance depending on elevation were very dynamic in the first half of

May (Fig 3). On May 2nd, the most significant differences in reflectance were observed above

an elevation of approximately 700 m a.s.l. On May 7th, there was an increase in green and RE1

reflectance, reaching a maximum at an elevation of approximately 900 m a.s.l., then starting to

decrease. On May 12th, RE2-NIR2 did not show strong relationships with elevation. Also,

there were no clear patterns in terms of reflectance-elevation dependence in the summer

months. During autumn, the strongest relationships occurred in the middle of October, and

most of them were negative (Fig 3). Afterwards, in the second part of October, again, no clear

relationships between beech stand reflectance and elevation were found.

During summer, i.e., from June to September, the influence of the elevation was negligible,

and the effect of stand age on the reflectance became more apparent. Younger stands had

higher reflectance, and the strongest impact of age was observed in the RE2-NIR2 region, with

maximum R2 values achieved in the NIR1 band on July 1st (0.33).

There were also differences between beech stands with different understory vegetation con-

ditions (Fig 4). In general, lower reflectance characterized stands with a lower share of the

broadleaved understory. The strongest influence here was found in the SWIR part of the spec-

trum, and it was also observed in red and RE1 bands in early spring (April) and autumn. The

influence of the understory was observed particularly in stands with a sparse crown closure

and lower stand density, where the highest R2 values between broadleaved understory and

Table 3. Selected adjusted R2 values for the GAMs regression for three examined species.

Species Predictors Date Band Adjusted R2

Beech Elevation May 2nd Blue 0.57

NIR1 0.50

May 12th Green 0.40

RE1 0.44

NIR1 0.55

Age July 1st NIR1 0.33

Understory April 15th SWIR1 0.28 (all stands)

0.55 (stand density < 0.5)

October 27th SWIR1 0.22 (all stands)

0.41 (stand density < 0.5)

Elevation + slope + aspect May 12th RE1 0.6

October 17th NIR1 0.56

Fir Age April 20th NIR1 0.58

September 22th RE2-RE3 0.53

Age + stand density + slope April 20th NIR1 0.61

May 12th Green 0.57

Pine Age July 1st SWIR1 0.17

Stand density July 1st NIR1 0.29

Understory April 20th SWIR1 0.40 (stand density < 0.5)

Age + stand density + elevation + understory July 1st NIR1 0.49

April 20th SWIR1 0.50

https://doi.org/10.1371/journal.pone.0248459.t003
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reflectance were 0.55 for SWIR1 on April 15th (when only stands with a density less than 0.5

were considered), 0.32 (stand density < 1), and 0.28 (all stands). During autumn, the maxi-

mum values of R2 were observed on October 27th, specifically 0.41 (stand density < 0.5), 0.28

(stand density <1), and 0.22 (all stands), also in SWIR1 band. Weaker relationships were also

observed for RE1 and visible red bands during spring and autumn.

Other environmental variables with a smaller impact on beech stand reflectance were the

aspect and slope. The best GAMs fit with multiple predictors was found for RE1 reflectance as

a function of the elevation, aspect, and slope on May 12th with an adjusted R2 value of 0.60 (Fig

5). The stands with southeastern expositions (100–150˚) tended to have lower reflectance than

northwestern ones. During autumn, the best GAMs were obtained for the RE2-NIR2 region.

For NIR1, on October 17th, the R2 value equaled 0.56, also with the elevation, aspect, and slope

as predictive variables (Fig 5).

Silver fir

In silver fir stands, trees age had the highest impact on reflectance, particularly in the RE and

NIR bands (Table 3). All the coefficients between age and reflectance were negative here—

higher reflectance characterized younger stands. The highest values of R2 were found in April,

September (Fig 6), and October, with a maximum of 0.58 on April 20th. However, in general,

R2 exceeded 0.4 in RE2-NIR2 part of the spectrum for almost all of the examined dates. It can

be noticed that the mean reflectance of stands is entirely separable in classes up to 50 years old

in the RE2-NIR2 range (Fig 6).

Fig 3. Common beech-dominated stand reflectance depending on elevation in meters above sea level in selected bands during spring/autumn.

https://doi.org/10.1371/journal.pone.0248459.g003

Fig 4. Beech stands reflectance in SWIR1 band depending on broadleaved understory share.

https://doi.org/10.1371/journal.pone.0248459.g004
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The structural properties, i.e., stand density, also had an impact on stand reflectance (Fig 7);

however, the influence is significantly lower than that of age. Importantly, these two variables

are correlated with each other, with correlation coefficients equal to -0.64 (age and stand den-

sity). The GAMs, which were developed using many predictor variables, confirm the highest

impact of stand age, but also that stand density and slope slightly influenced the reflectance

(Fig 7). These relationships were similar throughout the year. Effect of stand density on the

reflectance was visible up to a density of approximately 0.6–0.7. Observations with a density

above 1 were sporadic; therefore, there were no clear patterns after exceeding this threshold. In

the case of the slope, there was a slight increase in reflectance with an increasing slope.

Fig 5. GAMs results–visualization of partial effects on common beech stands reflectance from predictors: a) RE1 on May

12th; b) NIR1 on October 17th. The solid line represents the relationship between predictor and response variables, and the

light blue shaded area represents confidence intervals.

https://doi.org/10.1371/journal.pone.0248459.g005
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Scots pine

The impact of age on Scots pine stand reflectance was much lower than in the case of silver fir

stands (Table 3). The strongest influence was observed in the SWIR1 band during spring and

Fig 6. Mean reflectance for the 10-years age classes of Silver fir stands on September 22nd.

https://doi.org/10.1371/journal.pone.0248459.g006

Fig 7. GAMs results–visualization of partial effects on silver fir stands reflectance from predictors—reflectance in NIR1

on April 20th. The solid line represents the relationship between predictor and response variables, and the light blue shaded

area represents confidence intervals.

https://doi.org/10.1371/journal.pone.0248459.g007

PLOS ONE The effect of stand and site properties on forest reflectance from Sentinel-2 time series

PLOS ONE | https://doi.org/10.1371/journal.pone.0248459 March 15, 2021 11 / 23

https://doi.org/10.1371/journal.pone.0248459.g006
https://doi.org/10.1371/journal.pone.0248459.g007
https://doi.org/10.1371/journal.pone.0248459


summer with a maximum R2 value of only 0.17 achieved on July 1st. The structural parameters,

such as crown closure and stand density, were more influential on this species reflectance.

Similarly, as in the case of silver fir stands, these variables were correlated with each other. The

correlation coefficient between the stand density and crown closure was approximately 0.55,

and the correlation coefficient between crown closure and age was -0.47. The impact of the for-

est stand properties on pine stands was the highest in the SWIR1 (almost all growing season),

NIR1 (late spring, summer), and red and RE1 (early spring, late autumn) bands. The strongest

relationship between stand density and reflectance occurred during summer in the RE2-NIR2

part of the spectrum with the maximum values observed in NIR1, where the R2 was 0.29. The

relationships in all bands were negative, i.e., with higher stand density, reflectance decreased.

The relationships between the broadleaved understory share and SWIR1 were relatively

strong, but depending on the crown closure and stand density. In only open crown closure

stands, R2 was equal to 0.40, and for stands with a density below 0.5, R2 = 0.40. The understory

influence can also be observed in the spectral curves (Fig 8). In April, there were the highest

differences in the reflectance depending on the understory, particularly in the SWIR, red, and

RE1 bands. Furthermore, the difference between beech and oak understories was noticeable,

with slightly higher reflectance from the latter.

Using the GAMs with multiple predictor variables (i.e. stand density, broadleaved under-

story share, elevation and age), the achieved adjusted R2 values were nearly 0.5 (Fig 9).

Discussion

In this study, the influence of stand properties and site conditions on forest stand reflectance

was analyzed. It was evaluated for stands with the dominance of three species, specifically com-

mon beech, silver fir, and Scots pine. The main driving factors for the stand reflectance

changes were elevation (common beech), age (silver fir), and stand density (Scots pine). The

influence of particular factors notably changed during the growing season.

Fig 8. Scots pine stands reflectance in SWIR1 band depending on dominant understory type.

https://doi.org/10.1371/journal.pone.0248459.g008
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Common beech reflectance related to site conditions

Due to the phenological phases, elevation was the most important variable affecting beech-

dominated stand reflectance during spring and autumn. Visual inspection of the images used

in this study allows determining the approximate dates of spring phenophases (Fig 10). In the

second half of April, leaves were not present yet. On May 2nd, unfolded leaves were present up

to approximately 800–900 meters a.s.l, on May 7th, up to 900–1000 meters a.s.l., and on May

12th, in the entire studied area (i.e., up to 1200 meters a.s.l.). This negative relationship between

elevation and the date of leaf unfolding has been reported in previous studies [63, 64], and a

high diversity of phenological phases along elevation gradients has been highlighted [65].

Fig 9. GAMs results–visualization of partial effects on Scots pine reflectance from predictors: a) NIR1 on July 1st; b) SWIR1 on April

20th. The solid line represents the relationship between predictor and response variables, and the light blue shaded area represents

confidence intervals.

https://doi.org/10.1371/journal.pone.0248459.g009
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There was a positive correlation between beech reflectance and elevation in the visible and

RE1 bands during the spring, while negative in the RE2 to NIR2 wavelengths (Fig 3). It follows

that stands with more mature leaves have a lower reflectance in the visible and RE1 regions

and higher reflectance in the RE2-NIR2 regions than stands with younger leaves. On May 2nd,

the differences in reflectance related to elevation were the strongest in the visible blue (R2 =

0.57) and red bands (R2 = 0.38). The increase of reflectance with increasing elevation can be

attributed partially to the LAI, which is larger at lower elevations. A similar trend was reported

by Hallik et al. [14] in hemiboreal forests, where a negative relationship between LAI and

reflectance was reported in visible bands, particularly in blue and red, and by Eklundh et al.

[66] in boreal coniferous forests, where the red band has been found as the most important

band for LAI estimation. Also, at a leaf scale, full leaf onset (young leaves) is characterized by a

higher reflectance than final leaf onset (mature leaves) in the visible green and red wave

regions [67], which can also be observed in our canopy scale analysis. As chlorophyll strongly

absorbs energy in the red region [2], more of the red light is absorbed with increasing chloro-

phyll content at lower elevations. Also, Rautiainen et al. [43] reported LAI and chlorophyll

content as the driving factors for changes in the green and red bands.

Patterns similar to green reflectance were observed in the RE1 band, suggesting that similar

drivers cause changes in both of these bands. On May 2nd, in the visible green and RE1 bands,

the reflectance increased slightly up to approximately 750–800 m a.s.l. and then decreased.

This was the approximate border of leaf unfolding here. Similarly, on May 7th, green and RE1

reflectance increased to approximately 900 m a.s.l., and R2 was 0.37 for RE1 and 0.30 for

green. The decrease in reflectance in these bands after reaching the maximum cannot be

explained either by LAI or by the canopy chlorophyll content, as no leaves were present yet at

these higher elevations. Therefore, one of the reasons may be the presence or properties of the

understory vegetation. A few days later (May 12th), when the leaves had already unfolded

throughout the whole studied area, the peak reflectance in these bands moved to the maximum

elevations and the relationships were stronger, with R2 achieving 0.44 for RE1 and 0.40 for

green. RE1, similarly to the visible bands, has been reported to be sensitive to the chlorophyll

content [68]. The part of the spectrum found as the most sensitive to needle chlorophyll

Fig 10. Leaf unfolding in beech stands seen in Sentinel-2 images: a) May 2nd; b) May 7th; c) May 12th. The Sentinel-2 imagery was freely downloaded from Copernicus

Open Access Hub (https://scihub.copernicus.eu/).

https://doi.org/10.1371/journal.pone.0248459.g010
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content is located around 715 nm [69]. Also, in boreal forests, the lower reflectance in the RE1

and green bands may be related to higher canopy cover and LAI [70].

Very similar patterns characterized reflectance from the RE2 to NIR2 bands. On May 2nd

and May 7th, beech stands at lower elevations had a higher reflectance. RE2-NIR2 reflectance

was already very high at these lower elevations and started to decrease above 700–750 m a.s.l.

On May 12th, the changes in RE2-NIR2 reflectance with an increasing elevation were consider-

ably smaller. The maximum R2 value was found in the NIR1 band on May 2nd (0.50). With the

ageing of the leaves, increased reflectance in the NIR may result from the development of air

spaces in the mesophyll of leaves and the presence of reflecting surfaces [2]. The NIR bands are

sensitive to LAI variations, and with an increasing LAI, the reflectance in this part of the spec-

trum is higher [43, 71]. However, the relationship between NIR and LAI has not been reported

in the study by Hallik et al. [14].

The autumn beech phenophases exhibited an opposite direction, and the differences across

the elevation gradients occurred mainly in the middle of October (Fig 3). In previous studies,

the relationships between elevation and autumn phenophases have been reported to be weaker

than in the spring [65, 67], or even negligible [72]. The two main phenological phases of broad-

leaved trees during autumn are leaf coloring and leaf fall. With leaf senescence, chlorophyll

degradation and nitrogen decline occur [73]. Other pigments, including carotenes and xantho-

phylls, become more evident, and the red anthocyanin synthesis is highlighted [2, 74].

Although the visible bands are sensitive to pigment contents, only a slight relationship was

observed in the green band during autumn (R2 of 0.33), and no relationships were observed in

the visible red or blue bands. The strongest relationships between reflectance and elevation

were found for the RE2, RE3, and NIR1 bands on October 17th, with R2 values exceeding 0.5.

At higher elevations, beech stands had a lower reflectance in these bands. One of the reasons

for the decrease in NIR reflectance is the reduction of biomass in healthy leaves [75]. On Octo-

ber 17th, a negative relationship was also found in RE1 (R2 of 0.43).

Besides elevation, beech-dominated stand reflectance was slightly dependent on the aspect

and slope (Fig 5). Analogous to elevation gradients, the spring phenophases occurred earlier

on slopes with a southeastern aspect. The strongest influence of the aspect was noticeable in

RE1 in May—stands on slopes with an aspect of 100–150˚ had lower RE1 reflectance. During

autumn, this influence of aspect on reflectance was not straightforward. Regarding slope, in

general, stands located on steeper terrain were characterized by a higher reflectance, particu-

larly during spring. The differences in air temperature, as well as the soil fertility and tempera-

ture, resulting from the elevation, aspect and slope, may influence the phenophases,

physiological processes, and chemical composition of leaves. The consequence of this can be

probably observed in differences between stands reflectance. In spring and autumn, the sum of

direct solar radiation daily heat on the south-facing slopes is much greater than that of the

north-facing slopes [76]. Furthermore, according to Trepińska [77], as a result of the difference

in the amount of solar radiation, the top layer of soil on southern slopes is significantly warmer

than that of flat ground. Another hypothetical cause for the reflectance variations may be dif-

ferent humidity and the nutritional status of trees and, in particular, leaves. With an increasing

elevation, there is higher precipitation, but weaker nutrition, and soils become increasingly

deficient in minerals, particularly nitrogen.

The influence of stand age and forest structure on coniferous species stands

reflectance

Stand age had the highest impact on the reflectance of silver fir-dominated stands. In each

examined case, i.e., for the entire growing season and in all wavelengths, younger fir stands
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were characterized by a higher reflectance than older ones. The strengths of the relationships

depend on the given band and time of the year. The strongest relationships occurred during

the spring and autumn months in the RE2-NIR2 bands with maximum R2 values above 0.5

obtained in the RE2 (740 nm), RE3 (783 nm), and NIR1 bands (842 nm). This variability is

mainly observed in stands to 50–60 years in the RE2-NIR2 range (Fig 6). Similarly, in the

study by Hallik et al. [14], the negative correlation of hemiboreal forest age and reflectance has

been observed in the NIR region (736–783 nm bands). In general, young fir stands are more

homogenous in terms of their tree structure, and the contrast within stands is small; therefore,

the reflectance is higher. In younger stands, with trees growing, there is a decrease in the pro-

portion of sunlit ground, and after full canopy closure is achieved, the LAI does not change

largely [14]. The slightly stronger relationships in the spring and autumn months may result

from the larger internal shadows during this time of the year, and, therefore, the highest

impact on reflectance.

In Scots pine stands, the variables that had the most substantial influence on reflectance

include stand density and crown closure. Stands with a higher density had lower reflectance,

particularly in the summer months and in the NIR region (maximum R2 = 0.29 in NIR1). A

smaller impact came from the understory vegetation and age. Interestingly, pine stands with

two types of the understories, i.e., oak- and beech-dominated understories, can be distin-

guished, particularly in the SWIR bands (Fig 8). In contrast to silver fir, for Scots pine, the rela-

tionships with age were observed mostly in the visible and SWIR bands, and they were

positive; however, with R2 values below 0.2—the youngest stands are characterized by higher

NIR reflectance.

The abovementioned differences between the drivers that have the highest impact on silver

fir and Scots pine stand reflectance arise from the species characteristics, such as the tree archi-

tecture and crown morphology. Also, silver fir is a shade-tolerant, while Scots pine—shade-

intolerant species, which determines the stand structure as these species tree growth process is

different. Different structural attributes change with stand age in temperate conifer forests, i.e.,

the mean crown diameter, canopy depth, stem density, and LAI. While the first two increase

linearly with time, the last two are non-linear and achieve maximum values at approximately

20 years [20]. Scots pine stands reach the maximum crown coverage at approximately 20–40

years, depending on the initial stand density [78]. In the case of the site conditions in Poland,

the full crown closure is probably obtained earlier. The stocking density and crown ratio also

decreases with an increasing Scots pine age [78]. Also in our study, there is a slight decrease in

Scots pine reflectance observed up until approximately 30 years of age, while, in the case of sil-

ver fir, refelctance decreased until approximately 50–60 years of age depending on the band.

Similarly, Kuusinen et al. [79] reported the spruce and pine albedos as a decreasing exponen-

tial function of age; however, the impact of stand age was weaker for pine than for spruce.

There is also a relationship between the basal area and transmittance [80].

In the present study, the strongest relationships between age and reflectance were found in

the RE2-NIR1 bands for silver fir and the visible and SWIR bands for Scots pine. In the case of

stand density, the SWIR and NIR regions were also important. These bands have also been

reported to be valuable in other studies on forest structural properties and age. The strongest

relationships between stand age and reflectance have been reported for the SWIR, NIR, and

visible red bands [29, 81]. The best predictors of tree density include the visible and SWIR2

Landsat bands [82]. Strong negative correlations between red and NIR reflectance and forest

structural properties and age have been reported [83]. Blue, NIR, and SWIR bands have been

found to be highly important for predicting the structural factors and age of lodgepole pine

trees [84]. Similarly, the blue, red, and NIR bands are strongly related to the stand properties

such as crown closure and tree density [85].
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Still, even the same species growing in different conditions can be characterized by differ-

ent, specific tree architectures [86]. For example, Norway spruce, which was not analyzed in

our study, has longer branches and higher crown volumes when growing in mixed stands than

in the pure ones [87]. The crown morphology of Norway spruce can also adapt to mountain-

ous regions [88]. In the case of Scots pine, there are modifications in the tree architecture

observed between ecotypes in Poland [89].

Understory vegetation influence on stands spectral properties

The impact of understory vegetation on stand reflectance was present both in broad-leaved and

coniferous species (Figs 4 and 8). In beech-dominated stands, the understory influence is mainly

observed in early spring and autumn, i.e., the time of the year when canopy leaves were partially

absent. The differences in reflectance depending on the understory were observed in the SWIR,

red and RE1 bands. In Scots pine stands, the impact of the understory, particularly in the SWIR

region, was observed during almost the whole season. Unlike beech and pine stands, the under-

story did not influence silver fir stands, and it may result from the difference in the crown mor-

phology, tree architecture, and the vertical structure of silver fir stands. Other studies have also

reported high values in the red and NIR bands for explaining variations caused by the understory

[24]. An increase in reflectance during spring can be attributed to understory greening before can-

opy greening [90, 91]. Furthermore, leaves in the understory can have distinct traits compared to

canopy leaves [92]. Also, in some cases, the understory contributes mainly to the total LAI in

stands [24, 93]. These effects of the understory can be noticed, for example, in Fig 4, where beech

stands with a higher share of broadleaved species had a higher SWIR reflectance during spring.

Interestingly, at a leaf scale, there are also differences between understory and canopy leaf

reflectance, and these differences are particularly prominent in the SWIR region [92]. Heiska-

nen et al. [22] reported the understory drying in coniferous stands from early May to early

June. Therefore, seasonal variations in understory spectra may be due to the moisture regime/

water content, and this may also be a reason for the high importance of the SWIR band. Also,

Doninck et al. [94] reported that understory variability is strongly correlated with Landsat

bands (SWIR1, SWIR2, NIR). As highlighted by Rautiainen et al. [8], measurements from

SWIR wavelengths are rare for studying forests properties. In future studies on analyzing

understory vegetation, this region may be beneficial.

However, it should be kept in mind that only pure and, in case of determining the age

impact, even-aged stands were analyzed in this study, while, in fact, most stands are composed

of different species, and many are composed of different age classes. For such stands, inte-

grated effects resulting from a variety of structural and environmental factors influence the

spectral responses, and the reflectance at particular wavelengths is driven by multiple traits

[95]. The stands with mixed species composition and including different age classes should be

further analyzed using Sentinel-2 imagery. Another factor that was not analyzed in our study

is forest disturbances. Particularly in recent years, large areas of temperate forests have been

disturbed due to various reasons, e.g., climate change, more frequent droughts, and bark beetle

infestations. In Poland, Norway spruce is particularly at high risk due to dieback and Scots

pine stands have also been exposed to disturbances recently. Unhealthy or dead trees are char-

acterized by different spectral responses. Reflectance can also vary depending on the soil mois-

ture and fertility. Using meteorological data and information about the site productivity could

potentially contribute to increasing the precision of the models considered here. Therefore,

these factors should also be taken into consideration in future studies. Finally, as pointed out

by Nilson et al. [25] the role of each contributing factor in forest stand reflectance demands

linkage with empirical reflectance as well.
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Conclusions

In this study, Sentinel-2 time series were used in examining the influence of seven different

forest and site properties on stand reflectance for three tree species. The results show the com-

plexity of stand reflectance, which differs considerably depending on the used wavelength and

the time of the year.

The main driver of beech stands reflectance variability was the elevation, which strongly

affects the phenophases, particularly during spring and autumn. In spring, the reflectance rela-

tionships with elevation changed dynamically. Firstly, the RE2-NIR2 part was mainly influ-

enced by the elevation, while, a few days later, this impact increased in the green and RE1

bands. Similarly, during autumn, the highest impact of elevation was observed in the RE and

NIR bands. Other factors affecting beech stand reflectance included the share of the broad-

leaved understory, aspect, and, during summer, the age of stands.

On the other hand, the reflectance of two examined conifers showed only a slight influence

of the site conditions considered in this study, while more pronounced—of the structural

properties and age. These relationships differed between two coniferous species. Similarly, as

in the case of beech, the highest impact on reflectance was observed in the RE and NIR bands.

The primary driver of changes in the reflectance of the silver fir stands was age, while in Scots

pine stands—the stand density. The type of understory also influenced reflectance of Scots

pine stands, with no significant impact in case of silver fir stands. In analyzing the understory

impact, particularly the SWIR reflectance variability proved to be useful.
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