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Abstract 

Geospatial modeling based on a combination of remote sensing data and machine learning methods 
currently is a common way for thematic mapping of forest ecosystems. However, the reliability of 
such mapping strongly depends on the initial classification of the reference data used for model 
training. In modern vegetation science, there are different classification approaches that coexist, but 
most of them were originally developed regardless of digital mapping practices, and were rarely 
analyzed on comparative suitability and benefits for geospatial modelling tasks. To fill this gap, we 
compared the performance of geospatial models for mixed and broadleaf forest types, provided by 
two different classification approaches, based on floristic and dominant concepts. Both classifications 
were applied on the same dataset of field plots, collected in the North-Western Caucasus region. We 
considered geospatial variables of different types, including optical satellite imagery, DEM and its 
derivatives, bioclimatic and soil features, to analyze their informativeness, and to obtain their optimal 
combinations via multistage feature selection. We trained the set of models with different variables’ 
sets and machine learning methods (Random Forest, CatBoost, LDA, and kNN) for both 
classifications, and evaluated their accuracy via nested cross-validation. As a result, forest types, 
obtained by different approaches, had very little matching, just like the compositions of the respective 
variables’ sets, selected for models’ training. Bioclimatic and soil variables were more effectie, than 
DEM-based and optical satellite-based ones, despite their coarser spatial resolution. Floristic-based 
geospatial models clearly outperformed the dominant ones in terms of forest types’ separability and 
potential predictive accuracy. Therefore, a floristic classification approach may be preferable for 
forests with complex species composition not only in terms of common ecological sense, but also in 
terms of reliability of geospatial modelling and its derivative mapping results. 

Keywords: vegetation classification; forest mapping; species composition; mountain forests; spatial 
modelling; remote sensing; Northern Caucasus 
 

1. Introduction 

Mapping vegetation is an important tool for inventory of biota’s habitats and biodiversity 
generally [Terrestrial…, 2014]. Nowadays, geospatial modeling based on a combination of remote 
sensing data and machine learning methods is a common way for thematic mapping of vegetation, 
as such frameworks allow to obtain consistent results for large-scale areas with relatively little labor 
and time investment [Wu et al., 2021; Koldasbayeva et al., 2024]. At the same time, the geospatial 
model realism and the derivative map informatively strongly depend on the researcher’s initial 
perception of vegetation diversity for the reference data used for model training, i.e., on the thematic 
classification of phytocoenoses [Miller, Franklin, 2002; Immitzer, Atzberger, 2023]. In modern 
vegetation science, there are different classification approaches coexisting together, but most of those 
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were originally developed regardless of contemporary digital mapping practices. Therefore, any 
existing approach needs to be analyzed on its suitability and limitations before applying it for actual 
mapping tasks.  

Historically, the dominant-species classification approach, which considers dominance (high 
abundance) of the same species as the criterion to unite several phytocoenoses into a group, was 
developed before all others. It corresponds with an intuitive perception of the most prominent 
structural features of phytocoenoses. However, phytocoenoses often, especially under warm or 
temperate climate conditions, have complex composition and structure (e. g. consist of several 
vertical layers), and vegetation variability is influenced by multiple different forces (both exogenous 
and endogenous). Because of this, simple naming based on a dominant plant species often cannot 
reflect real reasons and degree of vegetation categories’ distinctiveness satisfactorily.  

To improve the informativeness of the dominant approach, different ways were proposed, like 
considering more than one dominant species when naming classification categories, or adding 
physiognomy/ecotope/spatial characteristics into the names. For example, one way used considers 
one or several dominant species in the uppermost phytocoenose layer [Whittaker, 1978], notably: this 
is close to contemporary remote sensing possibilities to distinguish vegetation types. Other 
commonly used ways consider dominant species (plants or lichens) of each vegetation layer [Du Rietz 
1930; Trass & Malmer 1978] and, together with this, dominant life forms of plants and phytocoenose 
topographic localization [Sukachev 1928; Aleksandrova 1978]. Such early classifications, as already 
noted, often were developed intuitively, without articulated and formalized rules, especially when 
researchers dealt with polydominant phytocoenoses. The informality strongly impeded comparison 
between classification units (especially newer) established by different researchers, as well as 
development in general. That is why dominant-based species classifications were criticized, and other 
approaches appeared [De Caceres et al., 2015].  

Floristic (or ecological-floristic) approach proposed by J. Braun-Blanquet [1928, 1964] is to 
recognize vegetation types based on the peculiarities of their floristic composition, i. e. on a more or 
less broad set of plant (and lichen often) taxa of species or intra-species rank. Phytocoenoses’ 
resemblance by floristic composition is because taxa of similar habitat needs grow together on sites 
of suitable environmental conditions, whereas the taxa of strongly contrasting habitat needs do not 
grow there. Thus, within the floristic classification approach, the presence of a certain taxa 
combination is considered as an important diagnostic feature of each distinct classification unit. That 
is why the term ‘syntaxon’ is used to designate any classification unit, and a floristic classification 
system is often named ‘syntaxonomy’ [Westhoff, van der Maarel, 1978; Peet, Roberts, 2013; De 
Caceres et al., 2015]. 

Different classification approaches, even if applying to the same initial data, can produce sets of 
classes that are very dissimilar, both in semantics and elemental composition. The degree of 
discrepancy depends on both the depth of the methodological differences and the species 
composition of the communities being analyzed. In the large-scale study Costanza et al. [Costanza et 
al., 2018] compared three different classification systems, based on dominant, floristic and data-
driven unsupervised approaches, using over 117000 forest inventory plots across the United States. 
According to their results, only 20% of classes had one-to-one analogs across systems. These well-
matched forest types were formed mainly due to their narrow ecological niches and little diversity of 
tree species composition.The mere fact of great differences between the floristic and dominant 
classifications does not distinguish one approach as more correct or reliable. The choice of one 
classification scheme over another depends on the specific situation and the scenarios for the 
subsequent use of the obtained results. Dominant approach initially provides an intuitive, relatively 
universal and easy-to-implement classification scheme for the forest ecosystems, especially when 
only top-layer tree species are taken into account, which determines its widespread use for remote 
sensing-based forest mapping [Zhu, Liu, 2014; Liu et al., 2018; Polyakova et al., 2023; Grabska-
Szwagrzyk et al., 2023; Lai et al., 2024]. However, when the forest stands are generally mixed of 
different species without clear dominants, such classification becomes more formal than substantial, 
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and provides little benefit for spatial differentiation of natural forest types [Gonçalves, 2017; Martínez 
Pastur, 2024]. Floristic classification, on the contrary, is better suited to describe the structure of 
forests with complex species composition and is often used for biodiversity conservation tasks [Shulte 
et al., 2024; de Almeida et al., 2024; Sharma et al., 2025], though in cost of generally more sophisticated 
and case-specific implementation. Although these features of the two classification approaches are 
well-known, studies that directly compare their performance in the context of geospatial modelling 
and/or forest type mapping tasks using the same reference data for a specific area are extremely rare. 
To fill this gap, in the current study, we focused on the broadleaf and mixed coniferous-broadleaf 
forests of the northwestern part of the Caucasus Mountains.  

The Caucasus Mountains are one of the global hotspot regions in terms of general biodiversity: 
the flora and fauna of this area are rich, and include a large number of endemic taxa[Myers et al., 
2000]. But at present and in the future, the biodiversity of the Caucasus is under threat of degradation 
both due to the intensification of economic development (often unreasonable) of this territory 
[Akatova et al., 2016], and under the influence of global climate change [Gottfried et al., 2012; 
Schickhoff et al., 2021]. Comprehensive solutions for biodiversity conservation in the Caucasus 
require inventory and mapping of forests and other ecosystems, employing approaches that will 
enable systematization and the most reliable display of the maximum amount of relevant 
information. Complex polydominant species composition makes broadleaf and mixed coniferous-
broadleaf forests here a potentially the most challenging target for forest types’ mapping by 
geospatial modelling methods. 

Previous studies in the North Caucasus region were mostly focused on local mapping of 
coniferous and mixed coniferous-deciduous forests [Pshegusov et al., 2020] or individual coniferous 
species, like fir, spruce [Komarova et al., 2016] and pine [Sablirova et al., 2016]. Such kind of works 
are naturally adopted the dominant approach for forest classification, as relatively pure samples of 
selected tree species are used for geospatial model training, and resulting forest types are constructed 
based on independently predicted species probabilities. Studies of another kind utilized the well-
known MaxEnt framework [Philips et al., 2017] for spatial modelling of potential habitats (ecological 
niches) for selected tree species [Shevchenko, Geraskina, 2019; Akobia et al., 2022; Pshegusov et al., 
2022] and forest communities [Shevchenko et al., 2025]. The results of such modeling may represent 
potential, but not actual spatial distribution of target species and communities, and they are barely 
interpretable in terms of reliability of spatial discrimination between different forest types. 

The aim of our study is to evaluate and compare the potential performance of geospatial 
modelling for different types of mixed and broadleaf forests in the northwestern Caucasus, obtained 
by floristic and dominant classification approaches. To do this we: 

• obtain and compare the results of two classifications on the same reference dataset of field plots; 
• prepare geospatial variables of different types and origins, analyze their informativeness for 

discrimination between obtained forest types, and select the optimal combinations for models’ 
training; 

• train the set of models with different combinations of variables and machine learning methods 
for both classifications, and evaluate their overall and per-class predictive accuracy metrics.  

The results of our work may allow choosing the optimal approach of reference data 
interpretation, geospatial variables selection, and machine learning methods for the prospective task 
of mapping the forest types in the region.  

2. Materials and Methods 

2.1. Study Area 

The study area included mountainous and foothill areas in the south of the Kras-nodar Krai and 
in the Republics of Adygea and Karachay-Cherkessia (west of Mount Elbrus) (Figure 1). In the system 
of physical and geographical zoning, these territories belong to the Greater Caucasus, mainly to the 
Western high-mountain province [Gvozdetskiy, 1963]. Complex mountain structures belonging to 
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the Alpine orogeny [Gvozdetskiy, 1963] on the eastern boundary of the study area have altitudes up 
to 4047 m above sea level (Mount Dombay-Ulgen). Based on the absolute altitude, the territory is 
divided into the following altitudinal belts [Safarov, Olisaev, 1990]: below 200 m — foothill, 200-600 
m — low-montane, 600-1400 m — mid-montane, 1400-2000 m — high-montane, 2000-2400 m — 
subalpine, above 2400 m — alpine. 

 
Figure 1. Study area and field plots (given by red squares). Background elevation raster – Cross-blended 
Hypsometric Tints from Natural Earth dataset [NaturalEarth]; KBR – abbreviation for Kabardino-Balkarian 
Republic. 

The climate of the northwestern Caucasus is considered temperate and humid. The average 
annual temperature is 8–11 °C, the average temperature in January is 4–5 °C below zero, whereas in 
July and August it is approximately 15 °C. The annual precipitation ranges from 500 to 3000 mm. In 
the mountains, with every 100 meters of elevation, the average annual temperature drops by no more 
than 0.5 °C; at the same time, the annual precipitation increases with elevation and reaches its 
maximum at an altitude of 2300–2400 m [Agricultural-climatic 1961; Makunina 1986].  

In the study area, forest composition is subject to altitudinal zonation. Lower 600 m a.s.l., within 
the foothills and the low-montane belts, the most widespread are oak forests (dominated by Quercus 
robur L., Q. petraea (Matt.) Liebl., and somewhere Q. hartwissiana Stev.) and hornbeam (Carpinus 
betulus L.) forests that grow most on Greyic Phaeozems Albic soils and, the ones situated on southern 
slopes, on Rendzic Leptosols Eutric soils. Also, maple (Acer campestre L., A. platanoides L.), ash 
(Fraxinus excelsior L.) or black-alder (Alnus glutinosa (L.) Gaertn.) may dominate some forests in these 
belts. Between 600 and 1600 m, within the mid-montane and the high-montane belts, the most 
common are oriental beech (Fagus orientalis Lipsky) and fir-beech (Abies nordmanniana (Stev.) Spach, 
Fagus orientalis) forests growing on Haplic Cambisols Eutric soils. Above 1600 m, within the high-
mountain belt, dark conifer (Abies nordmanniana, Picea orientalis (L.) Link) forests, growing on 
montane Umbric Albeluvisols Abruptic soils, are widespread. Those are accompanied, within the 
subalpine belt from the western extreme of the northwestern Caucasus to the western border of the 
Mount Elbrus district, with birch (Betula pendula Roth, B. litwinowii Doluch.) forests and somewhere 
maple (Acer trautvetteri Medw., A. pseudoplatanus L.) forests with beech trees. Whereas pine (Pinus 
sylvestris L.) forests often occur within the high-montane and subalpine belts of the Mount Elbrus 
district. Along rivers, in all altitudinal belts, common are grey alder (Alnus incana (L.) Moench) forests 
and willow (Salix alba L., S. fragilis L., S. caprea L.) forests with admixture of aspen (Populus tremula 
L.) trees. [Gulisashvili et al., 1975; IUSS, 2022]. 

The long history of anthropogenic transformation of forests in the northwestern Caucasus has 
led to a significant reduction in their area and an increase in negative phenomena such as avalanches, 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2025 doi:10.20944/preprints202510.0703.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.0703.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 30 

 

mudflows, rockfalls, soil erosion, and a reduction in the area of animal and plant habitats 
[Shevchenko, Geraskina, 2019; Nakhutsrishvili, 2013; Piotrovskij, 1988; Kazankin, 1984]. 
Nevertheless, the forests here still represent unique highly productive communities [Shevchenko et 
al., 2019], are distinguished by a high diversity of endemic and relict species of forest flora, and 
perform important environment-regulating functions [Altukhov, Litvinskaya, 1989; Akatova et al., 
2016]. 

2.2. Field Data 

The field data were collected in 2014–2024 yrs. during a systematic route survey of the least 
fragmented forest areas of the North-West Caucasus (Figure 1). The routes crossed river valleys 
perpendicularly: from the riverbed to the watershed or from the lower forest line to the upper one. 
Along the routes, we established temporary square sample plots of 100 m2 area at a distance of at 
least 200 m from each other. Within each sample plot, we compiled the forest vegetation relevé 
[Mueller-Dombois, Ellenberg, 1974] that included, for each vegetation layer, the list of vascular plant 
species, made as complete as possible, and registration of percentage cover for each revealed species. 
We consider three vegetation layers: the canopy layer (large trees), the understory layer (shrubs and 
tree recruitments), and the field layer (herbs and dwarf shrubs). 

From the acquired forest-vegetation database, we extracted 558 relevés of widely distributed 
types of deciduous and mixed conifer-deciduous forests whose upper canopy layer is composed of 
broadleaf trees. In these stands, dominating tree species are various, including hornbeam (Carpinus 
betulus), beech (Fagus orientalis), oak (Quercus spp.), maple (Acer spp.), ash (Fraxinus excelsior), aspen 
(Populus tremula) and birch (Betula pendula), with a minor admixture of black alder (Alnus glutinosa), 
elm (Ulmus glabra Huds.) and coniferous species like fir (Abies nordmanniana), pine (Pinus sylvestris), 
spruce (Picea orientalis) and yew (Taxus baccata L.). The selected forest plots were of different 
naturalness level and conservation value. E.g., beech and fir-beech stands are better preserved, 
whereas aspen ones are the most disturbed and include a lot of non-forest plant species. Therefore, 
forests of similar canopy composition are quite different in the whole floristic composition and 
syntaxonomic state, due to the ecotopes where those are situated. 

2.3. Field Data Classification 

We classified the initial field data by forest type using two methodological approaches: floristic 
and dominant. For each approach, two classification variants were obtained: generalized and 
detailed. 

2.3.1. Floristic Classification 

To perform the floristic classification for the initial field plots, the respective relevés were 
combined into the gross two-way table designed like «plant species (rows) separately by layers vs. 
relevés (columns)» and containing the species abundance values in the non-empty cells. Further, this 
gross table was processed and analyzed with the Juice program package [Tichy, 2002]. The processing 
implied permutation of rows and columns to group together (1) species of similar distribution and 
ecological needs (regardless of the layers the species belong to), (2) relevés containing similar sets of 
the grouped similar species. During the analysis, we expertly judged the species ecological similarity 
based on the experience of field research. Pairwise group comparisons of each species frequency were 
utilized to reveal the differentiating species. The frequency difference threshold of 40% was applied 
as the criterion to conclude the species may play the differentiating role between two groups 
[Bergmeyer et al., 1990]. When there were no differentiating species in a pair of groups, the two were 
combined into a new larger group which was further involved in the same analysis. The finally 
composed groups were considered as syntaxa of lower levels (associations or their subassociations 
and variants). To determine their syntaxonomic state, the published data on floristic composition and 
species frequency in the earlier established forest syntaxa in Caucasian and Euxinian regions were 
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engaged in the analysis [Quézel et al., 1980; Passarge, 1981a, b; Korzhenevskiy, 1982; Korzhenevskiy, 
Kiselev, 1982; Korotkov, Belonovskaya, 1987; Grebenshchikov et al., 1990; Didukh, 1996; Frantsuzov, 
2006; Tzonev et al., 2006; Korkmaz et al., 2008; Yıldırım, Kılınç, 2011; Ugurlu et al., 2012; Košir et al., 
2013; Sokolova, 2022; Novak et al., 2019; Akatova, Ermakov, 2020; Ermakov et al., 2023]. This 
comparative analysis was carried out in the synoptic two-way table that combined the new and 
earlier established syntaxa and was designed like «plant species (rows) vs. syntaxa (columns)», and 
containing species’ frequency values within the non-empty cells. In each pair composed like «a 
published syntaxon vs. a preliminary new syntaxon», presence/absence of each species was analyzed, 
and frequencies of species being common for both syntaxa were compared. Based on the same 
difference threshold of 40% the actually new syntaxones were separated from those, which can be 
associated with the published ones. Further, for each lower syntaxon confirmed to be new 
[Shevchenko, Braslavskaya, 2021, 2025; Shevchenko et al., 2025] its diagnostic species were selected 
from the differentiating species list based on the Φ (Phi) index values. This index indicates species 
concentrations in syntaxa (so-called species fidelities) within a relevé dataset [Chytrý et al., 2002]. The 
threshold value of Φ>30 (p<0.01) was applied to define diagnostic species for a new syntaxon. The 
confirmed new lower syntaxa were assigned to higher ones (alliances, orders, classes) based on 
published prodromus manuals [Korotkov et al., 1990; Ermakov, 2012; Mucina et al., 2016], which 
contain the comparative information on the diagnostic species of higher syntaxa. 

2.3.2. Dominant Classification 

Dominant classification, when applying to the forests, in the most straightforward 
implementation determines a forest type based on a comparison of the proportions of species (or 
groups of species) in the projective canopy cover of the main tree layer. This simple approach is 
widely used for remote sensing-oriented tasks and applications, though the exact classification rules, 
like initial species grouping or dominance threshold’s values, can vary and are commonly case-
specific.  

We used the following algorithm to obtain a generalized version of the dominant classification: 

1. All tree species were combined into four general groups, according to the traditional 
stratification employed in Russian forestry: dark coniferous (in our case – spruce, fir and yew 
species), light coniferous (pine), hard-leaved (beech, elm, hornbeam, oak, maple and ash) and 
soft-leaved stands (all other broadleaf species). 

2. For each plot, the fractions of these groups in the total canopy cover of the tree layer were 
determined. 

3. Plots were classified based on the minimal Euclidean distance between the obtained fraction 
values and the set of reference fraction patterns (Table 1), representing all possible balanced 
combinations of four species group fractions. Fraction values in plots and in the patterns were 
treated as point coordinates in 4-dimensional Euclidean space, so the plots were grouped around 
the nearest pattern points and classified according to their forest class labels.   

Table 1. Reference fraction patterns for tree species groups and the respective generalized forest types for the 
dominant classification. 

Tree cover canopy fraction for groups of species: 
Generalized  
forest type Dark 

coniferous 
Light 

coniferous 
Hard-leaved 

broadleaf 
Soft-leaved 
broadleaf 

1.0 0 0 0 Dark coniferous 
0 1.0 0 0 Light coniferous 
0 0 1.0 0 Hard-leaved broadleaf 
0 0 0 1.0 Soft-leaved broadleaf 

0.5 0.5 0 0 Mixed coniferous 
0 0 0.5 0.5 Mixed broadleaf 
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0.5 0 0 0.5 

Mixed  
coniferous-broadleaf 

0 0.5 0.5 0 
0 0.5 0 0.5 

0.5 0 0.5 0 
0.33 0.33 0.33 0 
0.33 0.33 0 0.33 
0.33 0 0.33 0.33 

0 0.33 0.33 0.33 
0.25 0.25 0.25 0.25 

Detailed classes were further obtained by identifying plots with a canopy cover fraction of 
individual species greater than 0.5 within each generalized class. Groups of plots where the fraction 
of any individual species did not exceed 0.5 were transferred to the detailed classification as mixed 
types. If a generalized class was not subdivided into several detailed classes, it was transferred 
entirely to the detailed classification without changing its designation. The resulting small classes 
(fewer than 5 plots) were either combined into mixed classes or excluded from further analysis if no 
other classes with suitable species composition were found. 

2.3.3. Classifications’ Comparison 

To compare the results of field data classification based on two different methodological 
approaches, we used several standard statistical metrics: Jaccard Index (JI) [jaccard] for simple 
pairwise classes comparison; Modified Adjusted Rand Index (MARI) [Sundquist et al., 2022] and 
Adjusted Mutual Information (AMI) measure [Vinh et al., 2009] for overall classifications 
concordance assessment. JI calculated as the ratio of the number of common elements between two 
compared classes to the sum of all unique elements of these classes (JI = 1 for the identical classes, JI 
= 0 for classes without any common elements). Rand Index and Mutual Information criterion with 
different adjustments and modifications (like MARI and AMI we used) are widely used in cluster 
analysis tasks to assess the similarity of different clustering results, while using different approaches 
to assess this similarity. The first is based on pairwise comparisons of elements; the second uses the 
principles of information theory. MARI and AMI both normalized and adjusted for random effects, 
so for both indices, the value of 1 represents a perfect concordance of classifications and the value of 
0 represents concordance at the same level as with random classification. We utilized proxy [proxy] 
(JI) and aricode [aricode] (MARI and AMI) packages in the R programming environment [R] for these 
metrics computation.      

2.4. Geospatial Variables 

We used a set of well-known and widely used open geospatial data from the Google Earth 
Engine (GEE) cloud platform catalog [GEE] as independent variables for constructing classification 
models. Based on their origin and the nature of the ecosystem properties described, these data can be 
divided into four groups: (1) optical satellite multispectral images, (2) digital elevation model (DEM) 
and derivative characteristics, (3) bioclimatic parameters, and (4) soil properties. Access to the data 
and all necessary operations for preparing the geospatial variables described below were performed 
using the built-in GEE functionality, unless otherwise noted.    

2.4.1. Optical Satellite Data 

Time series of high-resolution optical multispectral images and the features derived from them 
are currently widely used for geospatial modeling of various forest characteristics. Intra-annual 
changes in spectral reflectance values of image pixels are correlated with changes in plant 
phenological phases, so indicators characterizing the rate and heterogeneity of these changes can be 
used to identify forest species structure. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2025 doi:10.20944/preprints202510.0703.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.0703.v1
http://creativecommons.org/licenses/by/4.0/


 8 of 30 

 

In this work, we used materials from the Harmonized Landsat Sentinel-2 (HLS) project [HLS], 
which combines optical data obtained from the US Geological Survey's Landsat [Landsat] and the 
European Space Agency's Sentinel-2 [Sentinel-2] series of satellites into a global, homogeneous, 
multi-year series of multispectral observations with a spatial resolution of 30 m and a frequency of 
every 2-3 days. We used HLS images of the surface reflectance (SR) values in ten spectral bands of 
visual, near (NIR) and short-wave (SWIR) infrared ranges, combined with values of brightness 
temperature from the first thermal infrared Landsat band (labeled as TIRS1 in GEE catalog). Landsat 
and Sentinel-2 have six similar SR-bands – Blue, Green, Red, NIR, SWIR1 and SWIR2 [HLSL], which 
can be combined in the unified time series, while the rest four – three Red-Edge bands, and the “wide” 
NIR band – originate only from Sentinel-2 [HLSS].  

We used all available HLS data captured in the 2015-2024 year period with the precomputed 
cloud cover value of 35% or less to compose a single intra-annual temporal set of aggregated 
cloudless satellite images (composites) covering the entire study area.  

Composites were produced for 25 intra-annual time intervals, the centers of which were 
sequenced from the 1st to the 361st day of the year in 15-day increments (i.e., 1st, 16th, 31st, and so 
on up to 361st). The width of each time interval was 29 days, meaning each interval overlapped with 
each of its two neighboring intervals by two weeks. Images selected within a single time interval 
were aggregated into a composite at the pixel level by finding medoid pixels (pixels with the minimal 
Euclidean distance to the median values of each spectral band). Pixel values affected by clouds, cloud-
shadows and sensor saturation were excluded from the analysis based on the corresponding masks 
accompanying the original satellite images. Thus, for each pixel in each spectral channel, a time series 
of 25 values was obtained. 

In addition to the original spectral bands, we also calculated normalized ratios for all variants of 
their pairwise combinations (excluding the TIRS1 thermal band). Normalized band ratios [Crippen, 
1990] are generalized functional analogues of well-known vegetation indices such as NDVI or SWVI 
and are calculated using the formula: 

NRi+n,i = Bi+n / (Bi+Bi+n), (1)

where NRi+n,i – the value of the normalized ratio of the band with the ordinal number i+n to the band 
with the ordinal number i; Bi – the value of the pixel in the image band with the ordinal number i; Bi+n 
– the value of the pixel in the image band with the ordinal number i+n; i – an integer in the range 
from 1 to N-1; n – an integer in the range from 1 to N-i; N – the total number of bands in the image. 
In our case, 45 such pairwise ratios can be obtained from 10 spectral bands. Thus, the complete set of 
source satellite data consisted of 56 time series (11 initial bands plus 45 derivatives) containing 25 
composite images each, equivalent to 1,400 geospatial variables. Variables’ values for model training 
were extracted from the resulting composites by averaging pixel values in a buffer with a radius of 
50 m from the coordinates of the field plots’ centers.  

To reduce feature space dimensionality while preserving the maximum variation in the obtained 
time series, we utilized Functional Principal Component Analysis (FPCA), which has previously been 
successfully applied to transform satellite image time series into variables for geospatial modeling 
[Pesaresi et al., 2022]. FPCA implements transformations similar to classical principal component 
analysis for data represented not as single variable values, but as a series of measurements for each 
sample element. We used the functionality of the R package fdapace [fdapace], in particular the FPCA 
function, to transform the time series of values extracted from satellite images into several principal 
components that together describe at least 95% of the original variation. Data gaps in the series were 
preliminarily filled by simply averaging two adjacent values. The resulting number of derived 
variables (i.e., principal components) for each of the spectral bands and their normalized ratios varied 
from 4 to 8, and the total number of geospatial variables based on satellite data was thus reduced to 
356 (i.e., approximately 4 times). 
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2.4.2. DEM and Its Derivatives 

We used the Copernicus DEM digital surface model [CopDEM] with a spatial resolution of 30 
m as a basis for generating variables characterizing the orographic properties of the study area. In 
addition to the elevation model itself (i.e., absolute heights above sea level), we obtained a number 
of derived morphometric indicators, including slope steepness, slope northness, and eastness (sine 
and cosine of the slope aspect angle), six types of slope curvature (mean, minimal, maximal, plan, 
profile, and twist), Topographic Position Index, Surface Area to Planar Area rugosity, Vector 
Ruggedness Measure, and the results of automatic geomorphological classification of relief into seven 
types (so-called geomorphones): flat, slope, pit, channel, pass, ridge, and peak. All these metrics were 
calculated using the R package MultiscaleDTM functionality (Qfit, TPI, SAPA, and VRM functions) 
[MultiscaleDTM] for a 5x5 pixel sliding window. 

In addition to the morphometric characteristics, we also used a number of hydrological 
indicators and indices available for calculation in WhiteBox Tools [Whitebox]: distance to stream, cost 
distance to water, elevation above stream, specific catchment area, Downslope Index, Stream Power 
Index, Sediment Transport Index, and Topographic Wetness Index. Thus, the total number of 
geospatial variables describing the properties of the terrain was 28 – the value of elevation above sea 
level, 19 morphometric, and 8 hydrological indicators. The values of the variables for modeling were 
extracted in a way similar to satellite data. 

2.4.3. Bioclimatic Variables 

We used a standard set of 19 bioclimatic variables from WorldClim V1 data [WorldClim] as 
geospatial variables characterizing the climatic conditions of the study area. These bioclimatic 
variables represent annual trends, seasonality, and extreme or limiting values of air temperature and 
precipitation at 1 km spatial resolution. Variable values for modeling were extracted from the 
coordinates of the plot centers. 

2.4.4. Soil Features 

We used SoilGrids 2.0 data as variables characterizing the soil properties of the study area. The 
SoilGrids data represent the worldwide geospatial prediction results of globally fitted models for 11 
soil properties: silt, sand, clay, and coarse fragment content, pH, bulk density, cation exchange 
capacity, total nitrogen, organic carbon content, density, and stock. All properties were predicted for 
six soil depth layers: 0-5, 5-15, 15-30, 30-60, 60-100, and 100-200 cm, except for the organic carbon 
stock, which is represented only for the 0-30 cm layer. In total, the data contain 61 soil variables at 
250 m spatial resolution. Variable values for modeling, as in the case of bioclimatic data, were 
extracted from the coordinates of the plot centers. 

2.4.5. Auxiliary Data 

To confirm the absence of destructive changes in forest cover at the sample plot locations since 
initial surveys, we used Google Dynamic World (GDW) data [GDW]. GDW is a near-real-time dataset 
based on Sentinel-2 satellite images that includes mapping and probabilities predictions for nine 
land-use/land-cover (LULC) classes at 10 m spatial resolution. Using GDW data for 2024, we created 
a composite image of the median probabilities for the LULC classes for the study area and then 
extracted the mean values of these probabilities within a 50-m-radius buffer from the coordinates of 
the field plot centers (similar to HLS data). Using the obtained values, we excluded from further 
analysis plots for which the probability of the “trees” class was lower than the probability of any 
other class. 

2.4.6. Variables’ Combinations 

The initial composition of variables, in addition to directly influencing predictive performance, 
also determines potential scenarios for further use of the resulting models. E.g., fine scale mapping 
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requires variables with the respective spatial resolution, while analysis of cause-and-effect 
relationships between ecosystem elements is meaningful only if the utilized variables can be briefly 
interpreted in physical terms. Therefore, in our work, we considered four combinations of initial 
geospatial data for constructing classification models: 

• Optical satellite-based variables only; 
• High spatial resolution variables (satellite and DEM-based); 
• Environmental variables (DEM-based, bioclimatic, and soil); 
• All available variables. 

All procedures described below were performed independently for each of these four original 
sets of variables. 

2.5. Feature Selection Procedure 

We used a combination of basic and advanced feature selection techniques to optimize the set 
of analyzed geospatial variables and to gain a general understanding of the potential informativeness 
of different source data types before classification models’ training. 

2.5.1. Filtering by Variation and Correlation 

Firstly, we filtered out variables with the low amount of variance. Particularly, variables with 
identical values for over than 95% of our sample plots, were excluded from the further analysis. Then, 
the remaining variables were filtered based on pairwise correlation. We used the R package klaR 
[klaR] to perform a hierarchical clustering based on variables pairwise, a correlation matrix with the 
threshold value of 0.95 (i.e., variables with mutual correlation of 0.95 or higher were grouped in the 
single cluster). Then, from each resulting group, one variable with the lowest value of its average 
correlation with the variables of the other (closest) cluster was selected, and the remaining variables 
in the group were excluded from further analysis. For this procedure, we computed both classical 
Pearson’s and Spearman’s correlation coefficients and used the higher of the two values as a pairwise 
correlation measure for clustering.       

2.5.2. Filtering by FOCI 

At the second stage of variables selection, we employed Feature Ordering by Conditional 
Independence (FOCI) algorithm [FOCI], implemented in the eponymous R package. FOCI is a model-
free feature selection algorithm for continuous and binary data that employs the rank-based 
conditional dependence coefficient (CODEC). CODEC values are bounded between 0 and 1, and have 
a natural interpretation as a nonlinear generalization of the partial R2 (coefficient of determination) 
statistic for measuring conditional dependence by regression. FOCI utilizes a stepwise forward 
selection scheme, by iteratively evaluating CODEC between the target (response) and the 
independent variables and applying the best one of these variables (providing the highest CODEC) 
increasement to the resulting variables set at every step. By default, the selection stops at the first step 
with no CODEC improvement.   

For classification tasks (like in our case), FOCI can be performed separately for each class in one-
vs-all manner (i.e. initial classification is transformed to a number of binary classifications), and the 
final variables set is combined from all features selected at least for one class. This final set of variables 
was used for further training of the classification model. 

To assess the relative informativeness of variables in the final set, we used the respective CODEC 
increase rates obtained during FOCI. To characterize a variable's overall contribution to classes’ 
separability, we calculated the weighted average of the CODEC increase values across all classes 
using their sample fractions as weights. If a variable was missing from the final set for a particular 
class, its contribution to the CODEC increase for that class was considered zero. 
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2.6. Machine Learning Algorithms 

We considered two currently widely used machine learning algorithms based on decision trees 
– Random Forest (RF) [Breiman, 2001] and CatBoost (CB) [catboost], and two classical classification 
methods – Linear Discriminant Analysis (LDA) [lda], which is based on linear separability between 
classes, and the simple k-Nearest Neighbors approach (kNN) [knn]. 

RF builds an ensemble of decision trees, independently trained on the random subsamples, and 
uses its outputs for the final prediction computation (so-called “bagging” prediction). We employed 
an R-based RF realization from the package ranger [ranger] with the splitrule parameter set to 
“extratrees”, which enables Extremely Randomized Trees algorithm for decision trees growing [ERT] 
– the faster, more randomized and often the more efficient type of RF. Unlike the RF, CB utilized an 
iterative gradient boosting procedure to build a single, but fine-tuned decision tree. We employed an 
R-based CB realization from the eponymous package catboost [catboost]. For LDA and kNN 
algorithms, we used the respective R-packages MASS (function lda) and kknn (function kknn). 

All considered methods have a number of parameters required to be expertly set or tuned for 
the optimal model training and better predictive performance. The list of parameters for every 
algorithm with the respective values or tuning ranges, used in our study, is given in the 
Supplementary Materials (Table S1).  

In addition to these four machine learning algorithms, we also tested the performance of a 
simple featureless (variable-free) classification model, which uses the most frequent class in the 
training sample for predictions on the new data. Such models provide the reference values for 
performance metrics, which help to quantify the application effect of the more complicated modeling 
methods on the same data.   

All procedures required for models training, tuning and performance assessment were 
organized via the R-based mlr3 framework [mlr3]. 

2.7. Models Training and Performance Assessment    

We utilized a 5-fold repeated spatial nested cross-validation (CV) procedure on the initial 
dataset for model training, tuning and performance assessment. To organize the five relatively 
independent spatial groups of nearly equal size for the CV, we employed the stratified anti-clustering 
technique from the R-package anticlust [anticlust]. Anti-clustering, in contrary to traditional 
clustering, provides the groups of equal size by maximizing between-group similarity (or within-
group heterogeneity), so we used a value reciprocal to the Euclidean distance between field plots 
(based on XYZ-coordinates) as a measure for algorithm to maximize within and minimize between 
groups. The intersection of the both obtained classifications (their detailed versions) was used for 
stratification during the anti-clustering to provide the universal CV-folds with the same classes’ 
proportions, but at the cost of the potential partial overlapping of the folds’ spatial extents. 

The nested CV proceeds as follows: 

1. One group is randomly reserved as a test dataset; 
2. All other groups are used for model parameters tuning by a standard CV procedure, where the 

groups recursively treated as a validation dataset for the model, trained on the remaining data; 
3. The model is trained on the full dataset (except the group reserved for testing) with the optimal 

parameter values, selected based on the aggregated model’s CV performance statistic; 
4. Trained model is used for prediction over the reserved test group, and its test performance 

measures are evaluated; 
5. Steps 1-4 are repeated until all groups have served as a test dataset; 
6. Acquired model’s test performance statistic is aggregated over all CV-folds. 

Considering an unavoidable imbalance of the class sizes in our dataset, we employed a simple 
size balancing technique based on random repeats of the existing sample elements for the training 
CV-folds during the nested CV procedure, while the test folds remained unbalanced for the model 
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performance evaluation. For the size balancing, we used the same dataset stratification, as was 
obtained for the anti-clustering, to ensure the folds’ equal contribution to the balanced sample.       

We utilized the default model-based optimization (MBO) procedure [mlr3 book mbo], provided 
by mlr3 framework via mlr3mbo package [mlr3mbo], with 25 evaluation rounds for the automatic 
model parameters tuning. MBO (a.k.a. Bayesian optimization) is a complex “black-box” tuning 
method that employs a so-called “surrogate model” to find the (sub)-optimal values (within the given 
ranges) for the tunable parameters. Generally, this procedure can be considered as a self-guided 
version of an iterative random search among the parameter combinations, which yields the superior 
results with the limited number of model evaluation rounds. 

Considering the randomized nature of RF, CB and MBO, we perform the 20 repetitions of the 
nested CV procedure to acquire the basic statistical metrics for the distributions of the model 
performance measures – mean, standard deviation, minimum and maximum values across all CV-
folds and repetitions (i.e. 100 evaluations).          

Matthews Correlation Coefficient (MCC) [mcc] was used as a measure of model performance 
during MBO, as well as a primary test performance statistic. MCC is regarded as an unbiased and the 
most informative single score, describing the quality of the classification predictions based on the 
classes’ confusion matrix [Powers, 2020]. Technically, it is a generalization of the Pearson’s correlation 
coefficient between the two binary variables with the extension for multiclass cases. In addition to 
MCC, we computed another two well-known metrics for the overall model’s test performance:  

• Overall accuracy (OAcc) – proportion of the correctly classified cases to the total sample size;  
• Balanced accuracy (BAcc) – standard accuracy, corrected by using classes’ sizes as  weights for 

correctly classified cases during computation; 

All used performance metrics are bound by the upper value of 1 for the perfect predictions, 
while the value of 0 indicates the total mismatch (OAcc, BAcc) or random concordance (MCC). 

We utilized a standard paired Wilcoxon test [wilcoxon] on a series of MCC values across all CV-
folds and repetitions to evaluate the statistical significance of differences in the aggregated MCC 
mean values, acquired for models trained with different variable sets and machine learning 
algorithms. A p-value of 0.01 was used as a significance threshold. 

Besides the overall performance statistics, we calculated the standard confusion matrices (CMs) 
of models’ cross-validated predictions with the related per-class accuracy metrics, including Recall 
(proportion of the correctly classified cases to the true class size), Precision (proportion of the 
correctly classified cases to the predicted class size), F1-score (harmonic mean of Recall and Precision) 
and already mentioned MCC. As the predictions from all CV-folds and repetitions were used for CM 
computation, classes’ frequencies in the resulted CMs were averaged across the nested CV repetitions 
(i.e. divided by 20) to preserve the initial class sizes during summarizing.        

3. Results 

The initial sample size (558) was reduced to 515 field plots during the data processing and 
analysis. The primary sources of data omission included landcover changes, too close placement of 
some plots (which results in non-unique variable data entries), too small sizes of some distinguished 
forest types (less than 5 plots) and partial gaps in geospatial variables. 

3.1. Field Data Classification 

According to the floristic classification approach, the analyzed forests belong to four syntax of 
the order hierarchical level (Table 2;) those are Carpinetalia betuli (F10 - hornbeam forests, about 55% 
of the analyzed dataset), Rhododendro pontici–Fagetalia orientalis (F20 - beech forests that can be 
pure or include conifer admixture, 38%), Quercetalia pubescenti-petraeae (F30 - xerophytic oak 
forests, 4.5%), and Acero trautvetteri–Betuletalia litwinowii (F40 - subalpine mesophytic birch forests, 
2.7%). The alliances’ names are not designated because the syntaxonomy of Caucasian forest alliances 
is still under revision and development. Hornbeam forests are presented by eight syntaxa of the lower 
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hierarchical levels, and four of those (F11-F14) comprehend 75% of this group. Beech forests are 
presented by seven syntaxa of the lower levels, and Typical mesophytic beech forests (F21) cover 
about 50% of this group. Each of the rest orders, F30 and F40, is presented by 1 syntaxon of the lower 
level. Thus, the detailed floristic classification includes 17 lower syntaxa in total.         

Table 2. Floristic classification results. 

Class ID 1 

Reference Syntaxon name2 Forest type 
Sample 

size 
Sample 

fraction, % FG FD 

F10  
ord. Carpinetalia betuli  

(within: cl. Carpino-Fagetea) 
Hornbeam forests 282 54.8 

 F11 
ass. Tamo communis–Carpinetum betuli  

var. typica 
Typical mesophytic hornbeam forests 73 14.2 

 F12 ass. Aro maculati–Carpinetum betuli Hygromesophytic hornbeam forests 48 9.3 

 F13 
ass. Tamo communis–Carpinetum betuli  

var. Staphylea colchica 

Thermophylized mesophytic hornbeam 
forests 

46 8.9 

 F14 
comm. Abies nordmannianae–Carpinus betulus  

var. typica 

Typical mesophytic beech forests with a 
little admixture of fir trees 

43 8.3 

 F15 
ass. Tamo communis–Carpinetum betuli  

var. Festuca drymeja 

Xeromesophytic hornbeam forests with a 
little admixture of sessile oak trees 

29 5.6 

 F16 
comm. Abies nordmannianae–Carpinus betulus  

var. Juncus effusus 

Semi-opened post-cut hygromesophytic 
hornbeam forests with admixture of 

quaking aspen & fir trees 
18 3.5 

 F17 
comm. Abies nordmannianae–Carpinus betulus  

var. Populus tremula 

Post-cut mesophytic hornbeam forests with 
an admixture of quaking aspen & fir trees 

16 3.1 

 F18 

ass. Dryopterido filicis-maris–Carpinetum 

betuli  
var. Alnus glutinosa 

Post-cut hygromesophytic hornbeam 
forests with admixture of black alder & fir 

trees 
9 1.7 

F20  
ord. Rhododendro pontici–Fagetalia orientalis  

(within: cl. Carpino-Fagetea) 
Beech and conifer-beech forests 196 38.1 

 F21 
ass. Myosotido amoenae–Fagetum orientalis  

subass. typicum 
Typical mesophytic beech forests 90 17.5 

 F22 ass. Aro maculati–Fagetum orientalis Hygromesophytic beech forests 24 4.7 
 F23 ass. Lonicero caprifolii–Fagetum orientalis Xeromesophytic beech forests 22 4.3 

 F24 
ass. Myosotido amoenae–Fagetum orientalis  

subass. piceetosum orientalis 

Typical mesophytic beech forests with a 
little admixture of dark-conifer trees (fir, 

spruce) 
21 4.1 

 F25 
ass. Sambuco nigrae–Fagetum orientalis  

 subass. typicum 

Typical mesophytic mixed fir & beech 
forests 

16 3.1 

 F26 
ass. Sambuco nigrae–Fagetum orientalis  

 subass. typicum var. Rubus caesius 

Semi-opened hygromesophytic mixed fir & 
beech forests 

12 2.3 

 F27 ass. Polygonato verticillati–Fagetum orientalis 
Post-meadow mesophytic beech forests 

with a little admixture of pine, aspen, and 
birch trees 

11 2.1 

F30  
ord. Quercetalia pubescenti-petraeae  

(within: cl. Quercetea pubescentis) 
Xerophytic open oak forests 23 4.5 

 F30 ass. Phleo phleoidis–Quercetum petraeae Xerophytic sessile oak forests 23 4.5 

F40  
ord. Acero trautvetteri–Betuletalia litwinowii  

(within: cl. Betulo–Alnetea viridis) 

Subalpine open deciduous krummholz and 
scrub communities 

14 2.7 

 F40 

ass. Rhododendro caucasici–Betuletum 

litwinowii 
var. Calamagrostis arundinacea 

Subalpine open mesophytic birch forests 14 2.7 
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1 FG denotes the IDs for the generalized classification variant, FD – for the detailed one. 2 Complete syntaxon 
names are given in Table S2 of Supplementary Materials. 

According to the dominant approach, the field data were also divided into the four generalized 
forest types (Table 3): hard-leaved broadleaf (around 74% of the dataset), mixed coniferous-broadleaf 
(12%), mixed broadleaf (12%), and soft-leaved broadleaf (2.7%) forests. Hard-leaved broadleaf type 
consisted of five detailed classes, including forests with dominance of beech (36% of generalized 
class’s plots), hornbeam (27%), oak (14%), and ash (1.5%) species together with the mixed stands 
(22%) without any single dominant specie. Mixed coniferous-broadleaf type included the four 
detailed classes – the mixed stands (37%) and the forests with the dominance of beech (35%), fir (15%) 
and hornbeam (13%) species. Mixed broadleaf type was divided into two detailed classes of nearly 
equal size for the hard-leaved and the soft-leaved dominated stands. Both these classes were 
combined from a number of groups with the dominance of different species, individually too small 
to be considered as separate classes. Finally, soft-leaved broadleaf type, represented by birch-
dominated stands, had no any detailed sub-divisions. In total, the detailed dominant classification 
consisted of 12 forest types. 

Table 3. Dominant classification results. 

Class ID 1 
Forest type Sample 

size 
Sample 

fraction, % DG DD 
D10  Hard-leaved broadleaf forests: 379 73.6 

 D11 with beech dominance 135 26.2 
 D12 with hornbeam dominance 103 20 
 D13 with mixed composition 83 16.1 
 D14 with oak dominance 52 10.1 
 D15 with ash dominance 6 1.2 

D20  Mixed coniferous-broadleaf forests: 62 12 
 D21 with mixed composition 23 4.5 
 D22 with beech dominance 22 4.3 
 D23 with fir dominance 9 1.7 
 D24 with hornbeam dominance 8 1.6 

D30  Mixed broadleaf forests: 60 11.7 
 D31 with hard-leaved dominance 32 6.2 
 D32 with soft-leaved dominance 28 5.4 

D40  Soft-leaved broadleaf forests:  14 2.7 
 D40 with birch dominance 14 2.7 

1 DG denotes the IDs for the generalized classification variant, DD – for the detailed one. 

The results of pairwise comparison of groups between two classifications based on Jaccard Index 
(JI) are represented in Figure 2. Only floristic subalpine open mesophytic birch forests (F40) and 
dominant soft-leaved broadleaf forests with birch dominance (D40) classes had a completely identical 
list of elements, while for the vast majority of both generalized and detailed classes JI has near-zero 
values. Hard-leaved broadleaf forests class (D10) of dominant classification had moderate 
intersections with floristic hornbeam (F10) and beech (F20) forests with JI of 0.45 and 0.36 
respectively. Among the detailed classes, only three pairs demonstrated a moderate compound 
similarity: typical mesophytic beech forests (F21) and hard-leaved broadleaf forests with beech 
dominance (D11) with JI = 0.56, typical mesophytic mixed fir and beech forests (F25) and mixed 
coniferous-broadleaf forests with beech dominance (D22) with JI = 0.41, xerophytic sessile oak forests 
(F30) and hard-leaved broadleaf forests with oak dominance (D14) with JI = 0.44. 

We obtained the MARI = 0.03 and the AMI = 0.16 for the generalized classifications’ comparison, 
and the respective values of 0.27 and 0.35 for the detailed variants. These indices’ rates indicate a 
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relatively low overall concordance for the both classifications’ variants, which naturally complements 
the predominantly low pairwise JI values.       

 

 
(a) (b) 

Figure 2. The matrices of pairwise Jaccard index values between the floristic and the dominant classification: (a) 
Generalized classes; (b) Detailed classes. Classes’ designations are given according to Tables 2 and 3. 

3.2. Feature Selection 

The final number of variables selected for classification models training ranged from 9 to 67, 
depending on the classification type and the composition of the original dataset (Table 4). On average, 
detailed classification types require 2-3 times more variable, than generalized ones.  

Table 4. Aggregated feature selection results based on FOCI procedure. 

Classification 
type 

Initial 
variable set N 

CODEC, 
% 

CODEC/N, 
% 

CODEC by variables’ type, % 
Sat DEM WCB Soil 

Floristic 
Generalized 

All 9 86.4 9.6 2.3 2.1 77.5 4.5 
Env 10 89.1 8.9 – 0.0 82.8 6.3 

HiRes 13 86.0 6.6 19.8 66.2 – – 
Sat 19 86.9 4.6 86.9 – – – 

Floristic 
Detailed 

Env 28 66.7 2.4 – 2.2 42.2 22.4 
All 48 71.2 1.5 15.1 2.2 29.3 24.6 

HiRes 67 71.5 1.1 53.0 18.5 – – 
Sat 65 67.5 1.0 67.5 – – – 

Dominant 
Generalized 

Env 11 60.3 5.5 – 0.7 37.6 22.1 
All 15 65.2 4.3 11.1 2.2 38.4 13.5 

HiRes 16 60.5 3.8 30.7 29.8 – – 
Sat 21 67.4 3.2 67.4 – – – 

Dominant 
Detailed 

Env 28 53.8 1.9 – 1.6 31.0 21.2 
HiRes 34 55.7 1.6 34.7 21.0 – – 

All 37 59.7 1.6 16.1 2.8 32.1 8.8 
Sat 37 56.8 1.5 56.8 – – – 

Table designations: N – the number of selected features, CODEC – averaged cumulative value of the conditional 
dependence coefficient, Sat – optical satellite-based variables, DEM – DEM-based variables, WCB – WorldClim 
bioclimatic variables, Soil – SoilGrids variables, All – set of all available variables, Env – set of environmental 
variables, HiRes – set of high spatial resolution variables. 
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Acquired average cumulative CODEC values varied in 54-89% range, with systematically higher 
rates for the floristic classification compared to the dominant one, and for the generalized over 
detailed variants. At the same time, the difference in values between different initial sets of variables 
within the same classification was relatively small – from 3 to 7 p.p. 

The environmental variable set was the most effective initial data combination in terms of 
average CODEC value per one selected variable for the detailed floristic and the both variants of the 
dominant classification. For the generalized floristic classification, it also had the highest CODEC 
value but was inferior in effectiveness to the set of all available variables. The initial set of high spatial 
resolution variables had the highest CODEC value for the detailed floristic, the optical satellite-based 
set – for the generalized dominant, and the all-available set – for the detailed dominant classification. 

Bioclimatic variables had the highest averaged cumulative CODEC values (29-83%) within both 
the environmental and all-available variable sets for all classification types, followed by the SoilGrids 
variables (5-25%) for the all cases except the detailed dominant classification with the all-available 
variables set, where the satellite-based variables were more effective. Generally, the DEM-based 
variables had the lowest impact on CODEC values (0-3%) in cases of environmental and all-available 
variable sets, but performed roughly on par with the satellite-based variables in the hi-res set. While 
satellite-based variables had a relatively low impact on the all-available set (2-16%), solely they 
provided the highly competitive cumulative CODEC values, but at the cost of a larger number of 
selected variables. 

The final variable sets, selected for different classification types, generally had rather unique 
compositions with 2-40% of common variables (Figure 3). This state was also true, when only the five 
most effective variables (based on CODEC increasement rates) from every set were analyzed. The 
detailed variants of floristic and dominant classifications had the highest fraction of shared variables 
(40%) in case of the environmental initial variable set, and the 43% (3/7) of intersection for the most 
effective variables, when the all-available initial set was employed. The environmental initial variable 
set generally provided the most similar sets after the feature selection with 22-40% of common 
variables, while the rest of the cases had intersections of maximum 20%. It is worth noting, that the 
intersections between generalized and detailed variants of the same classification type (no matter, 
floristic or dominant) had the same (or even lower) rates compared to the inter-type cases.                   

    
(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

Figure 3. Pairwise fractions of shared variables, selected for the different classification types, depending on the 
initial variable set: (a, e) All available variables; (b, f) Environmental variables; (c, g) High spatial resolution 
variables; (d, h) Optical satellite-based variables. The upper row (a, b, c, d) represents the results for the entire 
selected variable set, the lower row (e, f, g, h) – for the 5 topmost effective variables in every set. Classification 
types: FG – floristic generalized, FD – floristic detailed, DG – dominant generalized, DD – dominant detailed. 
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Among the most effective features, selected from the all-available initial set for the different 
classification types, bioclimatic variables had both the highest impact and occurrence (Table 5). 
WorldClim temperature seasonality (monthly temperature standard deviation) was the only variable 
ranked in the top five for all classification types. It also had the highest average CODEC value for the 
detailed floristic and generalized dominant classifications. Mean temperature of the wettest quarter, 
minimal temperature of the coldest month, and precipitation of the coldest quarter together provided 
more than 75 of total 86.4 p.p. for cumulative CODEC value in case of the generalized floristic 
classification. Precipitation of the warmest quarter was the most effective variable for the detailed 
dominant classification. SoilGrids variables, including total nitrogen content (for 0-5 and 15-30 cm 
soil layers), cation exchange capacity (0-5), soil bulk density (15-30) and organic carbon density (0-5), 
while represented in the top five lists for all cases except the detailed dominant classification, had 
much lower CODEC values. Optical satellite-based variables had a minor representation in tops only 
for the dominant classification variants, and there are no DEM-based variables among the most 
effective features for any classification type.           

Table 5. The top five most effective variables, selected from the all-available initial set for the different 
classification types. 

Variable 
type 

Variable  
description 

CODEC, % 
FG FD DG DD 

WCB Temperature seasonality (standard deviation) 2.2 12.0 37.6 4.5 
Soil Cation exchange capacity in the 0-5 cm layer 2.3 2.3 2.3 3.1 

WCB Precipitation of the warmest quarter 0.0 5.3 0.9 17.5 
WCB Precipitation of the coldest quarter 7.6 7.2 0.0 6.5 
WCB Mean temperature of the wettest quarter 38.0 1.3 0.0 0.0 
WCB Mean of monthly temperature ranges (diurnal range) 0.0 1.9 0.0 3.4 
Soil Organic Carbon density in the 0-5 cm layer 0.0 0.6 2.6 0.0 

WCB Minimal temperature of the coldest month 29.6 0.0 0.0 0.0 
Soil Total Nitrogen content in the 15-30 cm layer 0.0 0.0 7.6 0.0 
Sat FPC7 of the NR between RE2 and RE3 spectral bands 0.0 0.0 7.4 0.0 
Soil Bulk density of the fine earth fraction in the 15-30 cm layer 0.0 6.1 0.0 0.0 
Soil Total Nitrogen content in the 0-5 cm layer 0.0 5.8 0.0 0.0 
Sat FPC4 of the Green spectral band 0.0 0.0 0.0 4.0 

Table designations: CODEC – averaged value of the conditional dependence coefficient by classification type 
(top 5 values are in bolds): FG – floristic generalized, FD – floristic detailed, DG – dominant generalized, DD – 
dominant detailed; WCB – WorldClim bioclimatic variables, Soil – SoilGrids variables, Sat – satellite-based 
variables, FPCn – n-th functional principal component, NR – normalized ratio, RE2, RE3 – 2nd and 3rd red-edge 
spectral bands.  . 

The full list of selected features with the respective averaged CODEC values depending on 
classification type and employed initial variable set are represented in Tables S3–S6 of the 
Supplementary Materials.  

3.3. Models’ Performance 

According to the performance evaluation results (Table 6), the best predictive models for the 
generalized floristic classification had an average MCC values in 80-84% range with the respective 
Overall Accuracy (OAcc) values of 89-91% and Balanced Accuracy (BAcc) of 83-91%, depending on 
the origin of the utilized variable set. The analogous models for the generalized dominant 
classification acquired noticeably lower accuracy metrics’ values – MCC of 54-60%, OAcc of 80-83% 
and BAcc of 70-76%. The models for the detailed classification variants characterized by the much 
lower performance rates: MCC of 44-53%, OAcc of 48-56%, BAcc of 51-58% – for the floristic, and 
MCC of 41-44%, OAcc of 49-52%, BAcc of 43-47% – for the dominant. 
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Variables originated from the all-available initial set provided models with the significantly 
better performance (in terms of mean MCC), compared to another variable sets in the most analyzed 
cases, except the hi-res variables for generalized floristic and detailed dominant classifications, and 
the environmental variables for the generalized dominant variant (in these cases models of two 
origins performed on par). 

Random Forest and CatBoost machine learning algorithms provided the significantly better 
average models’ performance toward LDA and kNN for all analyzed cases. RF was the best for the 
generalized variants of both classifications, CB – for the detailed floristic classification, and for the 
detailed dominant classification, both algorithms performed on par. Aggregated performance 
metrics of all models, obtained in our study, are represented in Table S7 of the Supplementary 
Materials 

The best obtained geospatial classification models performed better than respective featureless 
reference models for all classification types. The effect of spatial modeling application, expressed in 
mean OAcc increasement rates, varied from 10 p.p. for the generalized dominant to 39 p.p. for the 
detailed floristic classification. The mean BAcc increasement rates varied from 39 to 66 p.p.               

Table 6. Aggregated performance metrics for the best obtained classification models. 

Classification 
type 

Variable 
set 

Best 
MLA 

MCC, % Overall Accuracy, % Balanced Accuracy, % 

min mean max SD min mean max SD min mean max SD 

Floristic 
Generalized 

All RF 74.4 84.4 96.6 7.7 83.5 90.9 98.1 4.8 81.1 91.4 99.1 5.7 
HiRes RF 68.6 83.8 94.7 9.3 81.6 90.6 97.1 5.7 63.7 87.4 97.7 10.1 

Env CB 68.8 82.7 96.6 8.7 80.6 90.0 98.1 5.3 74.8 89.0 99.1 6.8 
Sat RF 58.9 80.4 98.2 11.8 77.7 88.9 99.0 6.7 49.1 83.0 93.8 13.0 

none Ref 0.0 0.0 0.0 0.0 53.4 54.8 55.3 0.9 25.0 25.0 25.0 0.0 

Floristic 
Detailed 

All CB 35.8 52.8 71.5 9.5 40.8 56.2 73.8 9.1 46.1 58.0 72.9 6.5 
HiRes CB 35.3 50.4 62.7 7.6 39.8 54.5 66.0 7.3 40.5 51.4 60.8 4.9 

Sat CB 36.9 48.9 68.0 8.9 42.7 53.3 70.9 8.2 41.2 50.3 64.0 5.6 
Env CB 33.6 44.3 57.5 6.0 36.9 47.8 60.2 6.1 38.3 50.6 59.8 4.6 

none Ref 0.0 0.0 0.0 0.0 17.5 17.5 17.5 0.0 5.9 5.9 5.9 0.0 

Dominant 
Generalized 

All RF 53.2 59.9 66.6 2.7 78.6 83.4 86.4 1.9 63.1 72.6 78.7 4.0 
Env RF 51.4 58.3 70.9 4.4 73.8 81.3 86.4 2.5 66.7 76.4 85.8 5.6 

HiRes RF 44.1 55.3 62.8 3.5 76.7 80.7 84.5 1.6 55.1 73.2 82.0 6.0 
Sat RF 42.5 53.6 71.8 6.3 71.8 80.4 88.3 3.9 59.7 69.8 78.1 4.4 

none Ref 0.0 0.0 0.0 0.0 72.8 73.6 74.8 1.1 25.0 25.0 25.0 0.0 

Dominant 
Detailed 

HiRes RF 32.1 44.0 50.5 4.7 40.8 52.1 58.3 4.4 40.1 46.4 60.2 6.3 
All RF 33.3 43.9 52.3 4.6 41.7 51.9 59.2 4.3 35.8 47.2 61.4 6.2 
Sat RF 31.8 42.7 53.1 4.8 41.7 51.1 60.2 4.3 33.6 43.3 55.5 3.3 
Env CB 22.9 40.7 54.0 8.3 33.0 49.4 61.2 7.3 35.4 45.7 60.8 6.5 

none Ref 0.0 0.0 0.0 0.0 26.2 26.2 26.2 0.0 8.3 8.3 8.3 0.0 

Table designations: Variable set – origin of the optimized variable subset used for the model training (bolds 
have the significantly higher MCC mean values toward the regulars), All – all available variables, HiRes – high 
spatial resolution variables, Env – environmental variables, Sat – optical satellite-based variables; Best MLA – 
machine learning algorithm provided the highest mean MCC value for the particular variable set (in bold, if the 
difference in MCC mean values toward all other algorithms was statistically significant), RF – Random Forest, 
CB – CatBoost, Ref – featureless reference model; min, mean, max, SD – minimum, mean, maximum and 
Standard Deviation values of performance metrics acquired across all CV-folds and repetitions. 

At per-class level, the best obtained model for the generalized floristic classification 
demonstrated consistently high accuracy values (Table 7). Oak forests class (F30) with MCC of 77% 
(F1-score = 78%) had the lowest accuracy result due to confusion with Hornbeam forests (F10). 
Subalpine open forests class (F40) had the highest individual accuracy rates with both MCC and F1-
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score of 95%. Hornbeam (F10) and Beech (F20) forests classes had a minor mutual confusion, which 
resulted in an MCC of 82% (F1-score = 92%) and 85% (F1-score = 91%) respectively.  

Table 7. Confusion matrix and related accuracy statistics for the Generalized Floristic classification model based 
on the filtered set of all available variables. 

Class  
ID 

F10 F20 F30 F40 
Sums Accuracy metrics, % 

True Predicted Recall Precision F1 MCC 
F10 256.6 17.8 6.7 1.0 282.0 277.7 91.0 92.4 91.7 81.8 
F20 17.0 178.4 0.0 0.6 196.0 196.2 91.0 91.0 91.0 85.4 
F30 4.1 0.0 18.9 0.0 23.0 25.6 82.2 74.0 77.9 76.9 
F40 0.0 0.0 0.0 14.0 14.0 15.6 100.0 89.7 94.6 94.6 

For the generalized dominant classification, the per-class accuracy results were significantly 
lower (Table 8). Soft-leaved broadleaf forests class (D40, which is identical to floristic F40) had the 
best MCC and F1-score of 90%, while Mixed broadleaf forests class (D30) achieved only MCC of 26% 
(F1-score = 31%) due to high confusion with Hard-leaved broadleaf forest class (D10). The latter, 
being the biggest class in terms of sample size, had a high F1-score of 90%, but only 60% by MCC 
because of significant confusion with D20 and D30 classes. Mixed coniferous-broadleaf forests class 
(D20) had more balanced accuracy metrics’ values with a moderate confusion levels – MCC of 77% 
(F1-score=80%).  

Table 8. Confusion matrix and related accuracy statistics for the Generalized Dominant classification model 
based on the filtered set of all available variables. 

Class  
ID D10 D20 D30 D40 

Sums Accuracy metrics, % 
True Predicted Recall Precision F1 MCC 

D10 350.7 11.8 15.6 1.0 379.0 399.0 92.5 87.9 90.1 60.1 
D20 5.6 50.9 4.7 0.9 62.0 66.0 82.1 77.2 79.6 76.7 
D30 42.1 3.1 14.9 0.0 60.0 35.2 24.8 42.4 31.3 25.9 
D40 0.8 0.3 0.0 13.0 14.0 14.9 92.9 87.3 90.0 89.7 

Among the detailed forest types of the floristic classification, besides the Subalpine birch forests 
(F40) which is identical to the respective generalized class, only Hygromesophytic hornbeam forests 
(F12) and Semi-opened post-cut hygromesophytic hornbeam forests with an admixture of quaking 
aspen and fir trees (F16) classes reached relatively high accuracy rates with MCC of about 75% and 
F1-score of 76-78% (Table 9). On the other side, Xeromesophytic beech forests (F23) confused with 
various hornbeam (F12, F13) and beech (F21, F22, F24) forests types, and demonstrated the lowest 
separability with MCC of only 3% (F1-score = 7%). Xeromesophytic hornbeam forests with a little 
admixture of sessile oak trees (F15) also were totally mismatched with the other hornbeam types (F11, 
F13, F14) and the oak forests (F30), resulted in MCC of 11% (F1-score = 15%). Hygromesophytic beech 
forests class (F22) demonstrated the third-worst accuracy statistics with MCC of 28% (F1-score = 31%) 
by confusing mainly with Typical mesophytic beech forests (F21) and Hygromesophytic hornbeam 
forests (F12). The remaining classes had mediocre-to-moderate accuracy rates with MCC of 45-67% 
and F1-score of 49-69%, mainly caused by confusions within the respective generalized classes. It is 
worth noting that Typical mesophytic mixed fir & beech forests (F26) and Semi-opened 
hygromesophytic mixed fir & beech forests (F25) classes had almost exclusively mutual mismatches 
which leaving the potential of classification accuracy increment by combining them into one joint 
class.   
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Table 9. Confusion matrix and related accuracy statistics for the Detailed Floristic classification model based on 
the filtered set of all available variables. 

Class 

ID 
F11 F12 F13 F14 F15 F16 F17 F18 F21 F22 F23 F24 F25 F26 F27 F30 F40 

Sums Accuracy metrics, % 

True Predicted Recall Precision F1 MCC

F11 38.1 0.6 16.9 6.3 2.9 1.2 0.0 0.0 1.0 0.1 0.5 2.1 0.1 0.0 0.0 2.5 1.0 73.0 65.3 52.1 58.3 55.1 48.2 

F12 0.0 38.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 6.1 3.7 0.0 0.0 0.0 0.0 0.0 0.0 48.0 50.6 79.8 75.7 77.7 75.4 

F13 8.9 0.0 25.5 4.4 5.2 0.2 0.3 0.3 0.0 0.0 0.1 0.0 0.0 0.0 0.0 1.4 0.0 46.0 54.9 55.3 46.4 50.5 45.4 

F14 4.3 0.0 1.6 24.4 2.8 1.1 4.8 2.1 0.0 0.0 0.0 0.0 0.7 1.4 0.0 0.1 0.0 43.0 46.5 56.6 52.4 54.4 50.2 

F15 11.3 0.0 7.0 3.9 3.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.4 0.0 29.0 19.0 12.2 18.7 14.8 11.1 

F16 0.0 0.0 0.0 0.6 0.0 13.5 2.8 1.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 18.0 17.6 74.7 76.4 75.6 74.7 

F17 0.0 0.0 0.0 2.6 0.0 1.6 11.7 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 16.0 19.6 73.1 59.7 65.7 64.9 

F18 0.0 0.0 0.0 2.5 0.0 0.0 0.1 6.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 9.0 10.1 71.7 64.2 67.7 67.2 

F21 1.0 0.2 0.0 0.9 0.0 0.0 0.0 0.0 52.5 11.6 10.6 3.1 0.1 0.1 10.0 0.0 0.0 90.0 73.8 58.3 71.2 64.1 57.8 

F22 0.2 6.6 0.0 0.0 0.0 0.0 0.0 0.0 5.5 8.8 1.0 2.1 0.0 0.0 0.0 0.0 0.0 24.0 31.9 36.5 27.5 31.3 27.8 

F23 0.0 5.0 2.0 0.9 0.0 0.1 0.0 0.0 9.7 2.3 1.4 0.2 0.0 0.0 0.6 0.0 0.0 22.0 19.6 6.4 7.2 6.7 2.8 

F24 1.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.7 3.0 2.3 10.8 0.0 0.0 0.4 0.0 0.8 21.0 19.2 51.2 56.1 53.6 51.7 

F25 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 11.5 4.5 0.0 0.0 0.0 16.0 18.5 71.9 62.3 66.8 65.8 

F26 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 6.1 5.8 0.0 0.0 0.0 12.0 11.7 48.3 49.6 49.0 47.8 

F27 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.5 0.1 0.0 0.0 0.0 0.0 8.4 0.0 0.0 11.0 19.4 76.4 43.4 55.4 56.4 

F30 0.6 0.0 2.0 0.0 4.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 15.9 0.0 23.0 23.2 69.1 68.7 68.9 67.5 

F40 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 13.0 14.0 14.7 92.9 88.4 90.6 90.4 

In case of the dominant classification, leaving aside the Soft-leaved birch dominated forests (D40, 
identical to F40), only the most frequent detailed class – Hard-leaved broadleaf forests with beech 
dominance (D11), achieved the MCC rate over the 70% with F1-score of 79% (Table 10). The 
remaining classes demonstrated low-to-mediocre separability with MCC of 10-56% and F1-score of 
12-60%. Most of them had a broad list of confused classes, including those of different generalized 
types.       

Table 10. Confusion matrix and related accuracy statistics for the Detailed Dominant classification model based 
on the filtered set of all available variables. 

Class 
ID 

D11 D12 D13 D14 D15 D21 D22 D23 D24 D31 D32 D40 
Sums Accuracy metrics, % 

True PredictedRecall Precision F1 MCC 

D11 112.7 5.0 4.8 0.2 5.2 2.0 3.3 0.0 0.0 1.0 1.0 0.0 135.0 149.8 83.4 75.2 79.1 71.3 
D12 4.2 47.2 10.5 16.0 1.0 10.9 0.9 0.1 0.3 8.4 2.8 1.0 103.0 98.3 45.8 48.0 46.9 34.0 
D13 18.5 22.7 12.0 16.7 0.0 2.4 1.1 0.0 1.9 3.3 4.6 0.0 83.0 40.9 14.5 29.4 19.4 10.6 
D14 1.0 6.9 5.7 38.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 52.0 76.6 74.0 50.3 59.9 55.8 
D15 1.1 1.1 1.6 1.0 1.2 0.0 0.0 0.0 0.0 0.1 0.1 0.0 6.0 7.3 20.0 16.4 18.1 17.1 
D21 0.0 0.4 0.6 0.0 0.0 13.7 5.7 0.0 2.6 0.1 0.0 0.0 23.0 37.0 59.4 36.9 45.5 43.7 
D22 2.5 0.0 0.0 0.0 0.0 1.2 13.5 4.9 0.0 0.0 0.0 0.0 22.0 32.4 61.4 41.7 49.7 48.0 
D23 0.0 0.0 0.0 0.0 0.0 1.0 6.2 1.8 0.0 0.0 0.0 0.0 9.0 6.8 20.0 26.7 22.9 21.9 
D24 0.0 0.0 0.0 0.0 0.0 2.1 0.0 0.0 3.9 2.0 0.0 0.0 8.0 12.4 48.8 31.6 38.3 38.1 
D31 7.0 5.8 3.7 1.2 0.0 1.9 0.9 0.0 2.7 7.3 1.6 0.0 32.0 27.2 22.8 26.8 24.7 20.2 
D32 3.0 9.3 2.2 3.1 0.0 1.9 0.0 0.0 1.1 5.1 2.5 0.0 28.0 12.5 8.8 19.6 12.1 9.9 
D40 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.0 0.0 0.0 0.0 13.1 14.0 14.1 93.6 92.9 93.2 93.1 

4. Discussion 

As we already mentioned in Introduction, the different forest type classification approaches are 
rarely produce classes with similar composition of elements (field plots), even for the same initial 
dataset [Costanza et al., 2018], and our local results are perfectly match with these previous findings. 
Only subalpine birch forests are naturally separated from the main massif of broadleaf and 
coniferous-broadleaf forests, in both the floristic and dominant classification variants, due to the 
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contrasting species composition and specific growing conditions of these forests within the mountain 
ecosystem. However, for all other forests with a more complex species composition due to the 
overlapping ecological niches of different species, the degree of similarity between the classes 
identified within the two different approaches is minimal. This fact emphasizes the high importance 
of the initial choice of approach for interpreting the training data for further geospatial modeling, 
since such significant differences greatly limit the possibilities for analytically converting the results 
of one classification to another without the use of initial field survey data.   

A direct consequence of the significant differences between classification results is an equally 
large difference in the composition of the optimal sets of variables selected for model construction. 
Moreover, this difference is observed not only for classifications based on different approaches, but 
also for classifications of different levels of detail within a single approach. These results emphasize 
the importance of a task-specific feature selection procedure as a necessary step in the geospatial 
modeling process for balancing the complexity and performance of the resulting model. In many 
modern studies aimed at regional-scale forest mapping in the context of species composition, remote 
sensing imagery and its derivatives are most often used as the main variables for modeling, due to 
their superior temporal and spatial resolution [Grabska et al., 2019; Wan et al., 2021; Bolyn et al., 2022; 
Polyakova et al., 2023; Lai et al., 2024]. At the same time, the environmental variables (most 
commonly DEM-based ones), if used, are considered as optional, supporting predictors for the 
further model performance improvement [Zhu, Liu, 2014; Liu et al., 2018; Pesaresi et al., 2022; 
Grabska-Szwagrzyk et al., 2023; Liu et al, 2024]. Variables’ importance in such studies is commonly 
assessed after model training, utilizing specific techniques embedded in the training procedure, e.g. 
by random forest’s mean decrease in tree nodes’ impurity or permutation accuracy scores. Although 
such methods are very popular due to their versatility and ease of use, they also known for their 
drawbacks, like model-dependency, scores’ bias, insensitivity to mutual dependencies of variables, 
etc. [Strobl et al., 2007]. The preliminary, model-agnostic feature selection in our study has 
demonstrated that, when directly compared, bioclimatic and soil variables, despite their much higher 
coarser spatial resolution, were more effective than satellite-based and DEM-based variables. This 
may be due to several reasons.  

Generally, the impact of climatic and soil factors on spatial distribution of different forest types 
is clearly revealed for large-scale data, which cover a broad spectrum of habitat conditions over 
several biomes [Costanza et al. 2018; Bonanella et al., 2022], but can be negligible for smaller regions. 
However, altitudinal zonation of mountainous regions determines the concentration of various 
(including contrasting) natural conditions in a relatively compact area, preserving the importance of 
such variables even at the local scale. 

On the other hand, since the positive effect of using all available variables together on the total 
amount of explained variation (cumulative CODEC values) is relatively small, we can conclude that 
variables of different types may contain roughly the same useful information. It is not surprising, as 
WorldClim and SoilGrids data are the results of geospatial modeling themselves, so they have 
already contained the most part of variance from their original predictors (which include the same 
topographic, climatic and vegetation variables mostly originated from the satellite imagery). In such 
case, during the feature selection procedure bioclimatic and soil data turn out to be more preferable 
than generic DEM-based and optical satellite-based variables, as more complete and effective (in 
terms of useful variance per one variable) proxies of the main factors, which determine the spatial 
distribution of forest ecosystems. This is also consistent with the optimization results of the hi-res 
initial variables’ set, where WorldClim and SoilGrids data are absent. DEM elevation, as the most 
direct factor of habitat conditions in mountainous regions, became the most informative variable for 
all analyzed variants of forest type classification in this case (see Table S4 in Supplementary 
materials), while the overall amount of explained variance remained at the close levels. The optical 
satellite-based features solely can explain the amount of variance highly competitive with 
environmental data, but at the cost of increasing the optimal variable set size by about two times, 
even with the employment of data compression techniques like FPCA. This automatically makes 
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them less effective in direct comparison with environmental variables, when performing feature 
selection. 

Another aspect, which can affect the variables’ importance, is data quality. The main problem 
with using modern global DEMs (including the Copernicus DEM we used) as variables for geospatial 
modeling is that they are remote-sensing-based models of the Earth's surface, not models of an actual 
terrain. Because the tree canopy almost completely masks the microtopography, various 
morphological and hydrological indices derived from these DEMs are ineffective when compared to 
small ground-based sample plots, a problem that was fully evident in our study. The SoilGrids data 
used in this work are the result of global modeling of soil characteristics based on highly inconsistent 
and spatially irregular training data, especially for the Russian Federation territory, which in turn 
seriously limits the reliability of these data at regional and local scales. Furthermore, the main 
variables in modeling soil properties in SoilGrids were the same climate and terrain data used in our 
study. However, according to our results, these soil models still contain a small amount of additional 
useful information when used in combination with bioclimatic variables. At least, cation exchange 
capacity (in the 0-5 cm layer), which is the characteristic of soil fertility, was included in the optimized 
variable sets for all types of analyzed classifications. At the same time, the other selected soil 
variables, like bulk density or carbon and nitrogen content, were explicitly type-specific. 

In general, the most universal approach, based on initially using the broadest possible set of all 
available geospatial variables and then optimizing this set for a specific reference data, leads to the 
best model performance. However, different initial combinations of task-relevant data can yield 
similar results in terms of both cumulative CODEC values and resulting model accuracy, so they can 
be flexibly varied based on the task at hand. For example, using high-resolution satellite data for fine-
scale digital mapping of current forest types and less detailed but easily interpreted environmental 
variables to predict changes in their spatial distribution depending on changing environmental 
conditions.    

Based on the results of our assessments, floristic classification models outperformed the 
dominant ones both on generalized and detailed levels. Therefore, our case study may be considered 
as an evincive example of situation, when more complex floristic classification approach has 
provided more beneficial results not only in terms of ecological sense, but for geospatial modelling 
reliability. Moreover, such situations are not necessarily limited by mountainous forests, as quite 
similar results (though with much more limited data and simplified methodology) were previously 
obtained for the mixed coniferous-deciduous stands, located in the South-West of the Moscow region 
[Belyaeva et al., 2018]. Involving more data from different regions in comparative analysis similar to 
ours may provide a better understanding of the applicability domain for dominant and floristic 
classification approaches in the plane of geospatial modelling and mapping of forest types and 
attributes.   

Machine learning methods based on decision trees, especially varieties of random forests, are 
currently the de facto standard for complex classification tasks in geospatial modelling [Hengl et al., 
2018]. Therefore, the superiority of Extremely Randomized Trees and CatBoost models in our 
benchmark results was somewhat expected. Although the generalized forest types have 
demonstrated a high separability by the obtained geospatial models, a reliable discrimination 
between the detailed classes remains a much more challenging task. Overall accuracy metrics for the 
forest types’ classification models are typically ranged between 50 and 90 p.p. (with even broader 
ranges for individual classes), and depend heavily on the classes’ number and detail level [Bradter et 
al., 2011; Clark et al., 2018; Agrillo et al., 2021]. Particularly, the higher level of generalization is 
associated with higher accuracy, so in the aspect of potential predictive performance, our results 
confirmed this tendency. 

The reasons for relatively low separability of detailed classes may be both insufficient reliability 
of the available geospatial data (in terms of measurement and spatial quality) and lack of additional 
variables, representing unaccounted but significant specific factors for the functioning and 
development of forest ecosystems. It's worth recognizing that these limitations are currently difficult 
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to overcome. Publicly available data suitable for use as variables for geospatial modeling are, in most 
cases, based on the same or similar sources as those used in our work. Obtaining higher-quality data 
for forest mapping requires the widespread use of more sophisticated measurement methods, such 
as laser scanning for constructing detailed terrain and tree canopy models. At the same time, 
accounting for additional environmental factors requires painstaking expert work with alternative 
sources of information (if available), such as historical maps and documents to reconstruct the 
dynamics of the territory's development and the degree of human impact. Both require significant 
time, labor, and therefore financial investment, without any obvious potential economic benefit, 
especially in remote mountainous areas, where most forests are of more conservation value than 
industrial use.      

Once a classification model is properly trained, the obtaining of its geospatial predictions for 
forest type mapping is a mere technical issue. However, such mapping is only meaningful if the 
model includes all forest types found in the analyzed area. Therefore, in the future, we plan to expand 
the reference dataset by classifying the relevés from coniferous and mixed broadleaf-coniferous 
forests of the region. Based on our findings, we will use this data to construct a more comprehensive 
and reliable model suitable for creating a forest type map of the North-West Caucasus. 

5. Conclusions 

In our study, we acquired floristic and dominant classification versions for the same dataset of 
field plots, which represented mixed and broadleaf forest types of the North-Western Caucasus 
region. Further, we compared these classification results and analyzed the potential performance of 
geospatial models, trained with these data and spatial variables of different sources and types. The 
results of our comparison and analysis provided the following findings: 

• Forest types, obtained by two different approaches, have very little matching both for 
generalized and detailed levels of the classifications. It is a natural situation for complex, multi-
dominant tree stands; 

• The compositions of optimal variables’ sets for geospatial modelling of forest types, provided 
by different classification approaches, are quite unique, including the cases of generalized and 
detailed variants of the same classification. Therefore, the task-specific feature selection is a 
required step for further model training; 

• Bioclimatic and soil variables turned out to be more effective in terms of informativeness, than 
DEM-based and optical satellite-based ones, despite their coarser spatial resolution, which is 
most likely due to the mountainous nature of the study region; 

• Floristic-based geospatial models clearly outperformed the dominant ones in terms of forest 
types’ separability and potential predictive accuracy. Therefore, the floristic classification 
approach may be preferable for forests with complex species composition not only in terms of 
common ecological sense, but also in terms of reliability of geospatial modelling and its 
derivative mapping results. At the same time, it is worth noting that the accuracy of such 
modeling still depends heavily on the desired level of classification detail.   

These findings may be useful for further works focused on the geospatial modelling or mapping 
of forest types in the Caucasus or similar regions, characterized by the mountainous relief and/or the 
complex species composition of tree stands.      
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The following abbreviations are used in this manuscript: 

DEM Digital Elevation Model 
LDA Linear Discriminant Analysis 
kNN k Nearest Neighbors 
JI Jaccard Index  
MARI Modified Adjusted Rand Index  
AMI and Adjusted Mutual Information  
GEE Google Earth Engine 
HLS Harmonized Landsat Sentinel-2  
SR Surface Reflectance 
NIR Near InfraRed 
SWIR Short-Wave InfraRed 
TIRS Thermal InfraRed Sensor 
NDVI Normalized Difference Vegetation Index 
SWVI Short-Wave Vegetation Index 
FPCA Functional Principal Component Analysis  
GDW Google Dynamic World 
LULC Land Use/Land Cover 
FOCI Feature Ordering by Conditional Independence 
CODEC COnditional Dependence Coefficient  
RF Random Forest 
CB CatBoost 
CV Cross-Validation 
MBO Model-Based Optimization  
MCC Matthews Correlation Coefficient  
OAcc Overall Accuracy  
BAcc Balanced Accuracy  
CM Confusion Matrix 
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