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ABSTRACT

Forests play a critical role in ecological stability and resource management, and their sustainable management
increasingly relies on advanced remote sensing and data-driven approaches. In this study, we evaluate the po-
tential of multimodal satellite data for detailed ecological forest site type classification within a heterogeneous
forested region of the Czech Republic. We compiled a comprehensive dataset of 156 features integrating Sentinel-
2 multispectral bands, Sentinel-1 SAR backscatter, vegetation indices, seasonal median composites, texture
metrics, topographic variables, and a high-resolution canopy height model. Using this feature set, an Extreme
Gradient Boosting (XGBoost) classifier was trained to map 16 ecological forest site type groups, dominated by
rich/enriched beech-oak forests, beech-oak forests, and loamy oak-beech forests. The model achieved an overall
accuracy of 88.4% and a macro-averaged F1-score of 0.89, with the highest classification performance obtained
for fir forests, other beech forests, and calcareous forest types. Feature importance analysis shows that radar
texture features, seasonal vegetation indices, and topographic variables are among the most influential pre-
dictors, while canopy height texture metrics further enhance class separability. These results demonstrate that
combining diverse remote sensing modalities with advanced machine learning enables reliable, fine-scale
mapping of complex ecological forest site types, extending beyond traditional tree-species classification and

offering a scalable and cost-effective tool for ecological research and forest management planning.

1. Introduction

Forests represent some of the most complex and valuable terrestrial
ecosystems on Earth, playing a fundamental role in global carbon
sequestration, water regulation, soil stabilization, and biodiversity
conservation (FAO, 2024; Miura et al., 2015). Beyond these ecological
services, forests also support economic and cultural values central to
human societies. However, rapid environmental change, including
climate variability, invasive pests, and anthropogenic pressures, has
made sustainable forest management increasingly challenging (Seidl
et al., 2017). A key to addressing these challenges lies in accurately
mapping and monitoring forest ecosystems over time. Traditional field-
based surveys, while precise, are often costly, time-consuming, and
limited in spatial coverage (Fassnacht et al., 2016). Consequently, the
adoption of remote sensing technologies has become essential in modern
forestry and ecological research (Hansen et al., 2013). Remote sensing
provides repeatable, objective, and spatially extensive observations that
support decision-making at multiple scales — from stand-level silvi-
cultural planning to national forest inventories (Wulder et al., 2019).

* Corresponding author.

Remote sensing, as applied to forest monitoring, spans a diverse
range of technologies, including unmanned aerial vehicles (UAVs),
airborne laser scanning, and spaceborne sensors. Satellite-based obser-
vations, particularly from open-access missions such as Sentinel-1,
Sentinel-2, Landsat, and MODIS, have been widely embraced due to
their frequent revisit times and consistent global coverage (Astola et al.,
2019; Kovarnik and Janova, 2025; Kowalski et al., 2020). Sentinel-2, for
example, offers high-resolution multispectral data that can distinguish
subtle differences in canopy reflectance, while Sentinel-1 provides
synthetic aperture radar (SAR) data valuable for capturing structural
attributes of forests even under cloud cover (Fang et al., 2023). The
integration of multispectral and radar data, along with derived products
such as vegetation indices (e.g., NDVI, EVI), canopy height models, and
texture metrics, has shown promise in enhancing classification accuracy,
particularly in heterogeneous landscapes (Fassnacht et al., 2016; Song
et al., 2021). These multimodal datasets can capture both biochemical
and structural characteristics of forest stands, which are critical for
detailed ecological mapping (Kozhoridze et al., 2016).

Despite substantial advances in remote sensing data availability and
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machine learning algorithms, forest type classification in practice re-
mains largely limited to relatively broad categories—such as coniferous
versus broadleaved forests or dominant tree species. This limitation is
driven by persistent challenges, including insufficient and spatially un-
even ground truth data, high within-class variability caused by stand
age, management, and structural heterogeneity, as well as overlapping
spectral signatures among temperate mixed-forest species and site con-
ditions (Kovarnik and Janova, 2025; Pu, 2021). Consequently, many
recent studies still focus on assigning forest areas to coarse tree-species
groups. For example, Ma et al. (2021) classified a forest region into 4
species categories using Sentinel-2 multispectral bands, while Moham-
madpour et al. (2022) mapped Portuguese forests into 6 dominant tree
species classes alongside four general land-cover types such as cropland
and water. Even studies that employ multi-sensor fusion—such as Wan
et al. (2021), who combined multispectral, SAR, and environmental
variables—typically target fewer than a dozen species, achieving high
accuracy (=0.9) but still operating at a coarse taxonomic level. In
contrast, a study in Arkansas, USA, first applied a Random Forest clas-
sification to Sentinel-2 imagery and then refined the results using sec-
ondary modeling approaches to produce a detailed map of 123
ecological system types, including forests, plantations, and cultural
vegetation classes (Sunde et al., 2024).

In this study, we focus on the Masaryk Forest Kitiny in the Czech
Republic, a complex and ecologically valuable landscape comprising
diverse forest types influenced by soil properties, hydrology, and his-
torical management practices. Our goal is to classify this area into 16
ecologically meaningful forest categories. These categories reflect key
ecological gradients such as soil fertility, moisture availability, and
geomorphological conditions, which in turn influence the natural po-
tential species composition and forest dynamics. Such a typology aligns
with the official Czech forest typological system, which is widely used to
guide sustainable silviculture and conservation planning (Viewegh,
2012). To achieve this detailed classification, we constructed a multi-
modal dataset by combining Sentinel-2 multispectral data, Sentinel-1
SAR data, vegetation indices (e.g., NDVI, NDWI), topographic vari-
ables (elevation, slope, aspect), texture features derived from gray-level
co-occurrence matrices (GLCM), and canopy height information. The
classification was performed using an Extreme Gradient Boosting
(XGBoost) model, an ensemble machine learning algorithm known for
its robustness to noise, ability to handle complex interactions, and
relatively low sensitivity to parameter tuning (Zhao et al., 2023). Our
workflow is designed to address two core research questions: (i) whether
multimodal environmental and remote-sensing data are capable of
reliably distinguishing among ecologically defined forest types, and (ii)
which predictors contribute most strongly to model performance and
thus best capture the underlying ecological gradients.

Our study contributes to the growing field of ecological informatics
in several ways. First, it demonstrates the utility of freely available,
high-resolution satellite data for producing ecologically nuanced forest
maps, even in complex temperate landscapes. Second, it offers a
reproducible workflow that can be adapted to other forested regions.
Third, it provides an open reference dataset, which may help address the
persistent bottleneck of limited ground truth data in remote sensing
research. Ultimately, such detailed forest type maps can support a range
of applications, including forest vulnerability assessments or adaptive
management planning. In summary, integrating multispectral, radar,
and ecological data, combined with robust machine learning ap-
proaches, enables a deeper understanding of forest heterogeneity. This
work illustrates how machine learning can bridge the gap between
satellite observations and actionable insights for sustainable forest
management.
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2. Material and methods
2.1. Study area

The School Forest Enterprise Masaryk Forest Kftiny is a university-
owned forest estate managed by Mendel University in Brno, Czech Re-
public. Established in 1923, it is located in the Drahanskd Highlands
near the town of Kitiny (latitude 49°15' N, longitude 16°15 E),
approximately 20 km northeast of Brno (Fig. 1). Covering an area of
roughly 10,200 hectares, the enterprise serves as a multifunctional
forest, balancing sustainable timber production with biodiversity con-
servation, soil and water protection, and landscape management. The
altitude ranges from 210 to 575 m, with a mean annual temperature of
7.5 °C and average annual precipitation of around 610 mm. The area
features diverse natural geomorphological conditions. The forest stands
consist of approximately 54% broadleaved and 46% coniferous species,
with the five most dominant being European beech (Fagus sylvatica),
Sessile oak (Quercus petraea agg.), Norway spruce (Picea abies), Scots
pine (Pinus sylvestris), and European hornbeam (Carpinus betulus)
(Masinova et al., 2017). The area encompasses diverse soil types,
including luvisols, fluvisols, and gleysols (Hammond et al., 2020).

The Masaryk Forest is classified according to the official forest type
classification system of the Czech Republic (Decree No. 298/2018 Coll.,
on the preparation of regional forest development plans and the defi-
nition of forest management units). This system defines sets of forest
types as the basic units of forest typology, grouping forest types based on
ecological similarity and habitat characteristics relevant for forest
management. The classification follows the principles described by
(Viewegh, 2012), who characterizes forest types as ecologically
coherent units defined by shared environmental conditions.

Each forest type category is characterized by a combination of at-
tributes: absolute height site productivity classes (AVB), soil type and
subtype, substrate, relief, slope, exposure, natural species composition,
soil depth, and elevation above sea level.

Within the Masaryk Forest, there are originally 57 distinct forest
types. For the purpose of machine learning classification, we grouped
them into 16 broader forest type categories (Fig. 2) based on ecological
similarity, as the original classification was too detailed to be practical
for modeling. The aggregation was based on diagnostic ecological de-
scriptors contained in the official typology names—specifically key in-
dicators of soil substrate and chemistry (e.g. loamy, calcareous, acidic),
moisture regime (e.g. wet, waterlogged, drying), trophic status (rich vs.
mesotrophic), relief and soil depth (skeletal, stony, dwarf forms), and
dominant tree-species composition (beech-oak, oak-beech, fir—
broadleaved). The structure of individual target classes used for model
training is presented in Table 1. Since this study involves real ecological
data, it is important to acknowledge that the target classes are highly
imbalanced, as illustrated in Fig. 3. Such imbalance is common in
ecological datasets due to the natural variability and uneven distribution
of forest types across the landscape. Addressing this class imbalance is
critical for ensuring robust model performance and avoiding bias toward
the more prevalent classes.

The study area encompasses a diverse mosaic of forest communities
with specific species composition, soil, and hydrological conditions.
Loamy forests occur on fertile, well-drained loess soils and are domi-
nated by mixtures of oak and beech. Mesotrophic broadleaved forests
occupy moderately fertile sites and include diverse deciduous assem-
blages such as oak-hornbeam, lime-maple, maple-ash, and mixed
oak-beech forests. Drying forests develop on drier, well-drained slopes,
typically consisting of oak-beech or beech-oak stands. Oak-beech for-
ests represent fresh, moderately fertile sites where oak and beech co-
dominate, sometimes with maple admixture. Other forests include
relict pine stands and minor unclassified communities.

Rich or enriched forests are nutrient-rich, species-diverse beech-oak
or beech-dominated forests, reflecting high site fertility. Beech—oak
forests grow on moderately fertile soils with varying contributions of
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Fig. 1. The location of Masaryk Forest in Kitiny, Czech Republic (study area, Sentinel 2 RGB composite)

oak, beech, lime, or fir. Other beech forests are generally monospecific
or nearly monospecific stands on nutrient-poor soils. Fir forests occupy
cool, moist slopes or ravines where fir co-occurs with beech.
Calcareous forests develop on limestone substrates and are rich in
calciphilous species. Acidic forests occur on nutrient-poor, acidic soils,
including stony variants. Skeletal, stony, or dwarf forests grow on
shallow, rocky soils or steep slopes, often forming stunted stands.
Waterlogged or streamside forests occupy sites with high soil moisture,
along streams, or in wet depressions, and include willow-alder carrs.
Riparian or floodplain forests are dominated by ash-alder communities
on periodically inundated soils. Wet forests develop on persistently
moist sites, with beech and oak as the main canopy species. Finally,
Cornelian cherry forests are characterized by the presence of Cornelian
cherry in association with beech and oak, forming unique mixed stands.

2.2. Remote sensing data

For the purpose of performing supervised classification into the
above-mentioned target classes, we compiled a comprehensive multi-
modal dataset containing a total of 156 features. These include a 1 m
canopy height model (Tolan et al., 2024), Sentinel-2 multispectral bands
(blue, green, red, red-edge, near-infrared, and shortwave infrared),
Sentinel-1 backscatter features (VV and VH polarizations and their ratios
and differences), derived vegetation indices, seasonal median compos-
ites and temporal heterogeneity metrics (e.g., NDVI percentiles and
standard deviation), GLCM texture features computed from canopy
height, NDVI, VV, and VH, and topographic variables derived from
NASA SRTM digital elevation data (elevation, slope, and aspect). We
selected the canopy height model from (Tolan et al., 2024) because it

provides a recent, high-resolution product trained using aerial lidar and
GEDI observations, making it particularly suitable for fine-scale forest
site classification. All remote sensing features were extracted and pro-
cessed using Google Earth Engine (Gorelick et al., 2017). An aggregated
overview of the input feature groups is presented in Table 2.

Satellite data were aggregated both annually and seasonally to ac-
count for temporal variability in forest canopy and vegetation. Sentinel-
2 surface reflectance images were filtered for the year 2020 and masked
for clouds using the Scene Classification Layer (SCL); annual median
values as well as seasonal medians (spring: Mar-May, summer:
Jun-Aug, autumn: Sep—Nov) were computed for all spectral bands and
derived vegetation indices. Sentinel-1 SAR data (VV and VH polariza-
tions) were similarly filtered for 2020, merged across ascending and
descending orbits, and median composites were created for annual and
seasonal periods. The 1 m Canopy Height Model represents conditions
from 2018 to 2020. All datasets were resampled to a uniform 10 m
resolution for supervised classification. Google Earth Engine performs
nearest-neighbor resampling by default during reprojection. For
continuous variables (CHM, Sentinel-2 and Sentinel-1 bands, vegetation
indices, and texture features), nearest-neighbor resampling preserves
the original pixel values but may slightly reduce smoothness of fine-
scale heterogeneity. The complete list of individual features, along
with detailed descriptions, is provided in the band_descriptions.
py (see the GitHub repository referenced below). To ensure temporal
consistency with the Canopy Height Model (which primarily represents
conditions from 2018 to 2020), we used remote sensing data acquired
from the year 2020.

All 156 input features were extracted for the entire area of the
Masaryk Forest and exported as a single multiband GeoTIFF with a
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Fig. 2. Forest site type classification (target classes) in the Masaryk Forest

spatial resolution of 10 m. Each pixel carries a set of multimodal pre-
dictors, including spectral reflectance, vegetation indices, radar back-
scatter, texture metrics, canopy height, and topographic attributes,
serving as input for supervised classification into forest site types.
Finally, the raster file was spatially joined with the shapefile containing
the target classification. This integration produced an additional feature
representing the target class label for each pixel in the raster dataset.

Out of all 156 bands, there are 4 bands with no values at all, while the
vast majority of the remaining bands have the same number of missing
values (see Fig. 4). This pattern suggests that there is a specific part of
the study area for which data were unavailable. Such gaps are common
in remote sensing datasets and can occur for various reasons, including
cloud cover, clipping data to the area of interest, or merging target
vector data with raster layers.

The four bands with missing data are bands 98, 116, 134, and 152.
These bands represent Maximal Correlation Coefficient texture features
derived from canopy height, NDVI, and Sentinel-1 VV and VH. The
Maximal Correlation Coefficient texture bands can have missing values
because this metric requires sufficient variation within the pixel window
to compute meaningful correlations. In areas where the input data is
uniform or nearly constant, or where data is masked or incomplete, the
calculation becomes undefined, resulting in missing values. This is a
common issue with complex texture measures, especially when using
small window sizes or when input data contains gaps. Due to the absence
of valid values, these bands will be excluded during the creation of the
classification model.

2.3. Supervised classification

We developed a reproducible machine learning pipeline to classify
forest types using multi-band raster data. The pipeline was implemented
in Python and integrates data preprocessing, feature engineering, class
balancing, model training, and comprehensive performance evaluation.
All experiments were performed in Python, using open-source libraries:
XGBoost (Chen and Guestrin, 2016), scikit-learn, NumPy, pandas,
Matplotlib, seaborn, and rasterio and geopandas for geospatial data
handling. The code, including preprocessing, modeling, and visualiza-
tion scripts, is made available in the GitHub repository listed in the Data
Availability section to ensure reproducibility.

2.3.1. Model architecture and training

We used Extreme Gradient Boosting (XGBoost), a state-of-the-art
gradient boosting framework known for its scalability and superior
predictive accuracy in structured data tasks (Brownlee, 2016; Chen and
Guestrin, 2016). XGBoost has proven to be highly effective for remote-
sensing applications. Bhagwat and Shankar (2019) demonstrated that
it outperforms several traditional machine-learning algorithms,
including Random Forest and Naive Bayes. Similarly, Zhou et al. (2022)
reported that XGBoost offers superior performance during training and
faster computational speed compared to Support Vector Machines, while
also achieving higher classification accuracy than the Spectral Angle
Mapper (SAM). In addition, Kwenda et al. (2023) compared Random
Forest, XGBoost, deep-learning models and their combinations for
remote-sensing forest classification and found that XGBoost achieved
the highest accuracy, further underscoring its strong potential for
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Table 1
Structure of ecological forest types for machine learning classification

ID Name Forest types

1 loamy Loamy (loess) oak-beech forest; Loamy
beech-oak forest; Loamy beech forest

2 mesotrophic broadleaved Dry oak-hornbeam forest; Lime-maple forest;
Maple-ash forest; Maple-hornbeam oak-beech
forest; Rich oak-hornbeam oak-beech forest;
Loess oak-hornbeam forest; Lime beech forest;
Maple-hornbeam oak-beech forest

3 drying Drying oak-beech forest; Drying beech—oak
forest

4 oak-beech forest Fresh oak-beech forest; Maple-beech
oak-beech forest

5 other Relict pine forest; Not classified

6 rich/enriched Enriched beech-oak forest; Rich beech forest;
Rich oak-beech forest; Enriched oak-beech
forest; Enriched beech forest; Rich oak-beech
forest

7 beech-oak forest Fresh beech—oak forest; Lime—oak beech forest;
Fir—oak beech—oak forest

8 other beech forests Fresh beech forest; Dealpine beech forest

9 fir forests (mixed Fresh beech fir forest; Fresh (beech) fir forest

fir-broadleaved forests)

10 calcareous Calcareous beech—oak forest; Calcareous beech
forest; Calcareous oak—beech forest

11 acidic Acidic oak-beech forest; Acidic beech—oak
forest; Stony acidic beech-oak forest; Stony
acidic oak-beech forest; Acidic beech forest;
Acidic oak forest

12 skeletal/stony/dwarf Stunted oak-beech forest; Stunted oak forest;
Stunted beech-oak forest; Slope beech-oak
forest; Skeletal beech-oak forest; Fresh stony
oak-beech forest

13 waterlogged/streamside Waterlogged fir-oak beech-oak forest;
Waterlogged fir forest; Waterlogged fir-oak
beech-oak forest (upper stage); Streamside
riparian forest; Willow—alder carr

14  riparian/floodplain Ash-alder carr

15 wet Wet beech—oak forest; Wet beech forest; Wet
oak-beech forest

16  cornelian cherry forests Cornelian cherry beech forest; Cornelian cherry

oak forest; Cornelian cherry oak forest with
beech

Ecological Informatics 95 (2026) 103744

computing to handle large-scale geospatial data efficiently.

The dataset was initially split into training (80%) and testing (20%)
subsets using stratified sampling to preserve class distributions. Lastly,
k-fold cross-validation was used to obtain more robust results. Initial
hyperparameters (e.g., max_depth, eta) were selected based on best
practices from the literature and refined manually, as automated
hyperparameter search (e.g., randomized search) proved computation-
ally intensive on the available infrastructure.

The input consisted of multi-band GeoTIFF rasters containing raw
spectral data, textural features, and vegetation indices derived from
remote sensing. The target variable (forest type) was extracted from a
separate band, while non-forest or masked areas were excluded. To
reduce dimensionality and prevent multicollinearity, we applied vari-
ance thresholding to remove zero-variance features. Although principal
component analysis (PCA) was tested, it did not improve model per-
formance and was therefore omitted since tree-based models often
handle multicollinearity robustly.

remote-sensing—based mapping and analysis.

XGBoost builds an ensemble of decision trees in a stage-wise fashion,
minimizing a differentiable loss function via gradient descent while
incorporating regularization to reduce overfitting and improve gener-
alization (Friedman, 2001). The model can be accelerated with GPU

Table 2
Main feature categories and selected examples from the complete feature list.
Group Bands/Feature Description Original
Example Resolution
Sentinel-2 B2, B3, B4, B5, B6, Blue, Green, Red, NIR,
spectral B7, B8, B8A, B11, SWIR, and red edge 1020 m
bands B12 bands.
Standard and red edge
indi haracterizi
indices NDWI, etc. 8 8 g
water content, and
stress.
Seasonal spring NDVL, Seasonal summaries to
median summer_NDVI, ture phenol 10-20 m
indices autumn_NDVI etc. capture phenology.
Sentinel-1 WV, VH, ratlo's, Backscatter to describe
seasonal medians . 10 m
radar ete structure and moisture.
Topography .
levation, slope, . .
(NASA SRTM Z:‘Z:Oﬂ siope Terrain properties. 30 m
DEM) P
GLCM statistics of Texture measures
Texture . o . Same as
features Canopy height, describing spatial input data
NDVI, VV, VH etc. variation. P
Percentile & NDVI_p90
- T 1 het ity.  10-2
variability NDVLstdDev etc. empora’ heterogenelly 0-20m
Canopy height Canopy height (m) Global canopy height 1m

product.

Fig. 3. The percentage of pixels for each forest type category in the Masaryk Forest
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Fig. 4. Missing values by each feature (band) in the dataset.

Missing data were handled conservatively: rows with missing values
were excluded, since large spatial gaps made imputation strategies (e.g.,
mean imputation) unsuitable and potentially misleading. To mitigate
class imbalance, per-class sample weights inversely proportional to class
frequencies were calculated, following established practice for imbal-
anced classification tasks (He and Garcia, 2009; Kaur et al., 2019).

2.3.2. Performance evaluation

Model performance was assessed comprehensively by computing
overall accuracy together with macro- and weighted-average precision,
recall, and Fl-score to capture both overall and class-specific perfor-
mance. To evaluate the discriminative ability of the classifier, we
generated ROC curves and calculated per-class ROC AUC scores, while
also reporting the macro-averaged ROC AUC to provide a single sum-
mary metric. In our multi-class setting, we applied the One-vs-Rest
approach, in which each forest type class is treated as the positive
class while all other classes are considered negative. Precision-recall
curves were included to further explore performance, especially in the
context of class imbalance.

To quantify the agreement between predicted and true labels beyond
chance, we computed Cohen’s kappa coefficient (Cohen, 1960). Model
calibration was assessed both quantitatively, using the multi-class Brier
score as a measure of probabilistic accuracy (Glenn et al., 1950), and
visually, through calibration plots showing the correspondence between
predicted probabilities and observed frequencies (Niculescu-Mizil and
Caruana, 2005). Additionally, confusion matrices were used to illustrate
misclassification patterns across classes, and feature importance scores
based on gain were examined to interpret the relative contribution of
individual predictors to the model’s decisions. To assess robustness and
reduce overfitting risk, we repeated model training under a 5-fold cross-
validation scheme. This provided mean and standard deviation of met-
rics across folds, confirming stability of the results. The steps undertaken
in the study are summarised in Fig. 5.

3. Results

The classification results (Table 3) show an overall accuracy of
88.4%, with macro-averaged precision, recall, and F1-scores of 0.8904,
0.8946, and 0.8919, respectively. Weighted averages, which account for
the distribution of classes in the dataset, are slightly lower yet consistent
(precision: 0.8852, recall: 0.8840, F1-score: 0.8839). Support (no. of test
pixels) indicates the number of test samples (pixels) belonging to each
forest type class that were used to compute the corresponding.

Per-class performance indicates generally strong predictive capa-
bility across most forest types. The highest F1-scores are observed for fir
forests (0.9507), other beech forests (0.9150), and cornelian cherry
forests (0.9130). Loamy forests and mesotrophic broadleaved forests
also achieve solid Fl-scores of 0.8602 and 0.8965, respectively,
reflecting balanced precision and recall.

Notably, oak-beech forests achieve high recall (0.931) but compar-
atively lower precision (0.8299), resulting in an Fl-score of 0.8775,
suggesting the model tends to overpredict this class. Conversely, the
“wet” forest type has the lowest F1-score (0.7958), driven by relatively
low recall (0.7521). Despite these variations, performance across most
classes remains robust, especially for dominant types with larger sup-
port, such as rich/enriched forests (F1l-score: 0.8832) and beech-oak
forests (F1-score: 0.8709).

The confusion matrix (Fig. 6) demonstrates generally strong agree-
ment between predicted and actual classes, reflected by the high counts
along the main diagonal. Larger forest types with substantial represen-
tation, such as rich/enriched forests (class 6), beech—oak forests (class
7), and loamy forests (class 1), show high numbers of correctly classified
samples. Even smaller or rarer classes, including cornelian cherry forests
(class 16) and fir forests (class 9), retain relatively high correct predic-
tion rates compared to their total support, which indicates the model’s
capacity to identify less common types.

Most misclassifications occur between classes that share similar
ecological or spectral characteristics, typically those dominated by
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Fig. 5. Methodological steps undertaken in the study.

Table 3
Accuracy assessment for XGBoost classification model.
D Name Precision  Recall F1- No. of test
score pixels
1 loamy 0.8767 0.8443 0.8602 38421
o  mesotrophic 0.9053 0.8878  0.8965 14542
broadleaved
3 drying 0.9132 0.8997 0.9064 8886
4 oak-beech forest 0.8299 0.9310 0.8775 31313
5 other 0.9412 0.9464 0.9438 541
6 rich/enriched 0.9077 0.8599 0.8832 107192
7 beech-oak forest 0.8629 0.8790  0.8709 53762
8 other beech forests 0.8707 0.9640  0.9150 15797
9 fir forests 0.9431 0.9584 0.9507 1419
10  calcareous 0.8933 0.9398 0.9159 22026
11 acidic 0.9200 0.8949 0.9073 8020
12 skeletal/stony/dwarf 0.8770 0.8905  0.8837 3396
13 Waterlogged/ 0.8879  0.8670 0.8773 466
streamside
14  riparian/floodplain 0.8710 0.8753  0.8732 810
15 wet 0.8448 0.7521 0.7958 948
16 comelian cherry 09024 09239 09130 2932
forests
Overall
accuracy 0.8840 310471
macro avg 0.8904 0.8946 0.8919 310471
weighted avg 0.8852 0.8840  0.8839 310471

beech and oak tree species. For instance, rich/enriched forests (class 6)
are occasionally predicted as loamy (class 1; 2,907 samples), oak-beech
forest (class 4; 3,745 samples) or beech-oak forests (class 7; 4,946
samples), suggesting these classes share overlapping vegetation struc-
ture or environmental gradients captured in the spectral data. Similarly,
beech-oak forests (class 7) are sometimes confused with rich/enriched
forests (3,513 samples) and, to a lesser extent, loamy forests (686
samples). Oak-beech forests (class 4) show moderate confusion with
loamy forests (291 samples) and rich/enriched forests (1,075 samples),
which likely reflects shared mixed deciduous composition. Smaller and
rarer forest types, such as waterlogged/streamside (class 13), riparian/
floodplain (class 14), and wet forests (class 15), are most commonly
misclassified as rich/enriched forests (class 6).

The ROC AUC scores (Fig. 7) show excellent discriminative ability
across all classes, with per-class values ranging from approximately 0.97
to 1 and a high macro-averaged AUC of 0.995. These results confirm that
the model reliably separates each forest type from the others, including
both large and underrepresented classes, which demonstrates strong
overall classification performance and robustness even in the presence
of class imbalance. It should be noted, however, that these near-perfect

ROC AUC scores and following PR curves reflect the model’s ability to
distinguish each class from all others within the study area and do not
necessarily indicate its predictive performance.

The precision-recall analysis (Fig. 8) shows consistently strong per-
formance across most classes, with average precision scores exceeding
0.90, highlighting the model’s ability to balance precision and recall
even under class imbalance. Only wet forests (class 15) achieve a slightly
lower AP of 0.87, which still indicates reasonably good predictive
quality but suggests a modest drop in the model’s ability to precisely
identify this minority class. Overall, these results underline the ability of
the classifier to separate one class from the others. However, it should be
noted that the model may demonstrate strong discriminative perfor-
mance within the study area rather than true generalization to inde-
pendent spatial domains.

The Cohen’s kappa coefficient of 0.8583 indicates a very high level of
agreement between predicted and true classes beyond chance, sup-
porting the overall reliability of the classifier. The multi-class Brier score
of 0.2094 suggests reasonably well-calibrated probability estimates (0 is
perfect calibration), reflecting that predicted probabilities are generally
close to the observed outcomes. Calibration plots (Fig. 9) per class
further illustrate this, showing that for most classes, predicted proba-
bilities align closely with actual frequencies, with only some deviations
in some classes—especially in waterlogged/streamside forests. Due to
the strong class imbalance, some classes exhibit noticeable deviations
and calibration instability, which is common in ecological datasets.

The 5-fold cross-validation results (Table 4) demonstrate consistent
and robust model performance across all classes, with mean precision,
recall, and F1-scores generally exceeding 0.85 for most classes. Notably,
classes such as 5 (other) and 9 (fir forests) show particularly high met-
rics, with precision and recall above 0.94, indicating strong discrimi-
native ability. The overall accuracy remains stable at approximately
88.3%, with a low standard deviation (0.11%), suggesting minimal
variability between folds and reliable generalization. Macro-averaged
scores also indicate balanced performance across classes, while
weighted averages reflect the influence of class distribution in the
dataset. Class 15 (wet) exhibits slightly lower recall and F1, consistent
with previous observations, likely due to its smaller support and greater
classification challenge.

The feature importance (Fig. 10) analysis reveals that texture-related
metrics from radar data, such as the average backscatter intensity (VH
Sum Average) and the variance of backscatter intensity (VV Sum Vari-
ance), are among the most influential predictors. Vegetation indices
capturing the greenness during the summer season (Summer GNDVI
Median) also play a critical role. Additionally, terrain characteristics like
elevation (SRTM Elevation) and slope (Terrain Slope) significantly
contribute to the model’s decisions. This combination of radar texture,
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Fig. 6. Confusion matrix of XGBoost classification.

Fig. 7. One vs rest receiver operating characteristics and area under the curve values for each class.

vegetation greenness, and topographic features underscores the model’s ability to integrate diverse environmental information for effective
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Fig. 8. One vs rest precision-recall curves for each class.

forest type classification. The full list of features is provided in fea-
ture_importance.csv file in the GitHub repository.

4. Discussion

The results of this study demonstrate the effectiveness of integrating
multi-source remote sensing data with Extreme Gradient Boosting
(XGBoost) for detailed forest type classification. Achieving high overall
accuracy and strong macro-averaged ROC AUC aligns with recent
findings that highlight the capability of ensemble methods and gradient
boosting models in complex landscape mapping tasks (Sahin, 2020;
Zhen et al., 2024). Notably, per-class performance was consistently
robust, with most classes showing precision, recall, and F1-scores above
0.85, and several classes—particularly homogeneous or better-
represented types such as fir forests and riparian/floodplain forest-
s—achieving ROC AUC values above 0.90.

The overall Cohen’s kappa of ~ 0.86 indicates a substantial agree-
ment between predicted and true classes, supporting the robustness of
the classification beyond chance levels (Cohen, 1960). The multi-class
Brier score (=~ 0.209) and calibration plots further indicate that the
model’s predicted probabilities are generally well-calibrated, though
minor over- or under-confidence is observed in certain classes—again
reflecting the effects of class imbalance and landscape heterogeneity
(Xiao et al., 2024). Importantly, the low standard deviations observed in
the 5-fold cross-validation results confirm that the model’s performance
is stable across different data partitions, which is crucial for practical
applications and aligns with best practices recommended by recent
remote sensing machine learning studies (Maxwell et al., 2018).

Feature importance analysis revealed that radar-based texture met-
rics (e.g., VH Sum Average; VV Sum Variance), optical vegetation indices
(Summer GNDVI Median) and topographic variables (SRTM Elevation and
Terrain Slope) played key roles in classification. This aligns with prior
studies emphasizing the complementary nature of radar backscatter,
optical indices, and terrain data for vegetation structure and type
discrimination (Balzter et al., 2015; Mngadi et al., 2021). In particular,
radar texture features have been shown to be especially valuable in
distinguishing forest structural differences that may not be captured by
optical data alone (Hanan et al., 2025).

Misclassifications in the model largely follow ecological and envi-
ronmental gradients reflected in canopy structure, spectral behavior,
and topographic context. The strongest confusions occur among loamy
(class 1), rich/enriched (class 6), and beech—oak forests (class 7), where
shared mixtures of oak, beech, and accessory broadleaves produce
similar canopy textures and vegetation index responses; for example,
enriched forests were frequently predicted as loamy or beech—oak for-
ests, and beech—oak forests were misclassified as enriched. Oak-beech
forests (class 4) also overlap with these types, reflecting their position
along a moderate-fertility gradient, where stand structure and species
composition transition gradually.

Our use of XGBoost for ecological forest type classification yields
strong performance—echoing a growing consensus in vegetation map-
ping that gradient boosting frameworks often outperform other methods
when using multi-source remote sensing data. For example, Shao et al.
(2024) report that XGBoost exceeded Random Forest in urban imper-
vious surface mapping, achieving an overall accuracy of 81% versus
77%, with its advantage attributed to its enhanced ability to leverage
combined optical and SAR texture features. Similarly, Nguyen and Saha
(2024) found that XGBoost surpassed Random Forest in forest carbon
stock estimation tasks, showing superior predictive performance in 75%
of comparative cases. These findings align with our results, where
XGBoost consistently achieved accuracy around 88%.

Comparisons with deep learning approaches in the remote sensing
literature highlight a different trade-off. Deep learning models—such as
ResNet50 combined with XGBoost in ensemble frameworks—have
demonstrated strong classification capabilities for high-resolution forest
imagery (Kalinaki et al., 2023; Kwenda et al., 2023). However, purely
deep architectures typically require large volumes of labeled data to
achieve optimal performance (Yuan et al., 2020), whereas ensemble tree
methods like XGBoost remain more robust in data-limited contexts
thanks to their capacity to generalize effectively from structured tabular
features derived through careful preprocessing (e.g., textural metrics,
vegetation indices) (Belgiu and Dragut, 2016). Furthermore, deep
learning approaches are generally designed to analyze sets of spatially
coherent image tiles and learn hierarchical spatial patterns (Mishra
et al.,, 2022). In contrast, many remote sensing applications—such as
ours—work with a single large study area represented by pixel-level
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Fig. 9. Calibration plots for each target class (diagonal line is the perfect calibration).

feature vectors, where the primary challenge is to classify each pixel
based on its descriptive attributes rather than on spatial neighborhood
context. While deep learning methods may offer edge-case improve-
ments (especially when incorporating spatial context from imagery), our
results illustrate that, for structured feature inputs, XGBoost represents a
high-performing, computationally efficient, and easily interpretable
solution well suited for operational forest type classification.

Most studies in the remote sensing and forest mapping literature
have focused on the classification of individual tree species or dominant
canopy types, rather than broader ecological categories like those used
in our work. Typical classification targets include species-level maps (e.
g., oak, beech, fir, pine) (Axelsson et al., 2021; Liu et al., 2019) or
coniferous—deciduous distinctions (Riietschi, 2017), which are directly
linked to clear spectral or textural differences observable in high-
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resolution imagery. In contrast, our study addresses a more complex
task: classifying forest types defined by ecological and site character-
istics—such as soil richness (rich/enriched), hydrological regime (dry-
ing, wet, waterlogged/streamside), or geological substrate (calcareous,
acidic, skeletal/stony/dwarf). These classes do not always correspond to
clear spectral signatures and often reflect subtle differences in site
conditions, species composition, and forest structure. As a result, our
approach extends beyond traditional species mapping by attempting to
capture ecologically meaningful gradients and habitat types, which are
critically important for biodiversity monitoring and forest ecosystem
management.

However, several limitations should be acknowledged. First, there is
a potential risk of overfitting, in which the model performs well on the
training data but may not generalize reliably to new areas. Second, the
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Table 4
Accuracy statistics on 5-fold cross validation.
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ID Precision Precision Recall Recall F1 F1 No. of test pixels mean
mean std mean std mean std
1 0.8754 0.0024 0.8432 0.0034 0.859 0.0028 38421.2
2 0.903 0.0048 0.8916 0.0024 0.8973 0.0029 14541.8
3 0.9132 0.0033 0.9063 0.0039 0.9097 0.0009 8886.2
4 0.8289 0.0046 0.9277 0.0023 0.8755 0.0031 31312.8
5 0.9412 0.0104 0.9516 0.0102 0.9463 0.0085 541.2
6 0.9062 0.0018 0.8598 0.0029 0.8824 0.0023 107191.6
7 0.8606 0.0023 0.8743 0.0014 0.8674 0.0009 53762.2
8 0.8731 0.0021 0.9628 0.0013 0.9157 0.0015 15796.6
9 0.9387 0.0043 0.9488 0.009 0.9437 0.0059 1419
10 0.8919 0.0027 0.9386 0.0023 0.9147 0.0023 22026.4
11 0.9224 0.0038 0.8959 0.0043 0.9089 0.0024 8019.6
12 0.8802 0.0065 0.8861 0.0087 0.8831 0.0064 3396.4
13 0.8979 0.0074 0.8782 0.0186 0.8878 0.0096 466.2
14 0.8722 0.0121 0.8671 0.0084 0.8696 0.0068 809.8
15 0.8409 0.0191 0.7540 0.0109 0.7950 0.0112 948
16 0.9039 0.0039 0.9314 0.0039 0.9174 0.0035 2932
Overall
accuracy 0.8829 0.0011 0.8829 0.0011 0.8829 0.0011 310471
macro avg 0.8906 0.0029 0.8948 0.0017 0.8921 0.0014 310471
weighted avg 0.8841 0.0011 0.8829 0.0011 0.8828 0.0011 310471

Fig. 10. Top 15 most important features (bands) by XGBoost classification.

model may rely heavily on topographic variables (e.g., elevation or
slope) when distinguishing forest types; although these factors are
correlated with ecological gradients, such relationships are not neces-
sarily causal. Also, the canopy-height model and other remote-sensing
products do not fully coincide temporally, which may introduce bias,
although we assume the forest structure remained relatively stable
during the study period. Although the study area covers 10,200 ha, its
environmental conditions and forest composition may be locally spe-
cific, which could limit the generalizability of the model to other re-
gions. Finally, the use of a random split may lead to overly optimistic
performance estimates, as the model can exploit local similarities be-
tween training and testing data. Nevertheless, the focus of this study is
on analyzing the ability to separate ecological forest classes based on
remote sensing data, rather than producing the best generalizable model
for predicting new areas.
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Overall, this study demonstrates that combining multi sensor satel-
lite data with class weighting strategies can effectively address the
challenges of class imbalance and heterogeneity in forest mapping. The
pipeline’s reproducibility and use of open-source tools further enhance
its applicability for large-scale or multi-temporal forest monitoring.
Future work could explore advanced hyperparameter optimization,
additional textural or structural features, training the model on new,
unseen areas to test its ability to generalize, and integration with time-
series analysis to further improve the classification of minority and
transitional forest types.

5. Conclusion

In this study, we developed a machine learning pipeline to classify
forest types based on multi-source remote sensing data, including
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Sentinel-derived vegetation indices, SAR texture measures, and topo-
graphic variables. Using XGBoost, we achieved strong class separability,
with an overall accuracy of approximately 88%, macro-averaged ROC
AUC close to 0.995, and consistently high average precision across most
classes. Notably, the most influential predictors included radar-derived
texture metrics, seasonal vegetation indices, and terrain attributes,
highlighting the value of integrating complementary data sources for
forest classification. Model calibration metrics, such as a multiclass Brier
score of 0.21 and Cohen’s kappa of 0.86, alongside per-class calibration
plots, further confirmed the reliability of predicted probabilities. The
robustness of the approach was validated through five-fold cross-vali-
dation, which produced low variance in precision, recall, and F1-scores
across folds, demonstrating stability even for minority classes.

These findings align with and extend previous research showing that
combining SAR and optical data improves discrimination among com-
plex forest communities, particularly when coupled with terrain infor-
mation. Our open, reproducible workflow and feature analysis provide a
practical and scalable framework that can support biodiversity moni-
toring, conservation planning, and large-scale forest mapping efforts.
Future work could explore temporal dynamics, incorporate additional
ecological covariates, test the ability to generalize, and benchmark
alternative ensemble methods to further refine classification
performance.
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