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ABSTRACT

This study develops a method for assessing above-ground biomass (AGB) in forest habitats of the “Svyati Hory” National Nature Park
and quantifies its degradation caused by armed conflict-related wildfires in 2022—-2024. A multisensor approach integrating Senti-
nel-1 and Sentinel-2 data, the Copernicus GLO-30 DEM and GEDI LiDAR measurements was applied via a Random Forest regression
model calibrated with forest inventory records. Comparative analysis confirmed the superiority of the 10 m spatial scale (R2=0.575)
over 20 m and 30 m resolutions for fragmented mosaic landscapes. The model demonstrated strong predictive performance (RMSE
15.3-17.7 Mg/ha), enabling rapid biomass updates when field surveys are hindered by limited accessibility to the area. Results
indicate that the park’s total baseline AGB was 14.22 million tonnes across 37.1 thousand hectares. Burn scar mapping and spatial
overlay analysis revealed a total loss of 4.66 million tonnes of biomass over 11.96 thousand hectares. The highest losses occurred
in Sarmatic steppe pine forests, which lost 68.2% of their biomass. The relict chalk pine forests (Pinus sylvestris var. cretacea) were
likewise severely affected, losing 36.6% of their area, thereby threatening the natural regeneration of this endemic population.
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1. Introduction

The armed conflict causes substantial damage to the
environment by disrupting and destroying ecosystem
structures. Forest ecosystems are severely affected
by the conflict-related fires, including those ignited
by shelling and munitions strikes, particularly when
active hostilities prevent timely fire suppression.
(Matsala et al. 2024; Pereira et al. 2022; Zibtsev et al.
2024). Ukraine has experienced a marked increase
in wildfire frequency and burned areas, significant-
ly exceeding the European average. According to the
European Commission’s Joint Research Centre, the
forest area affected by wildfires in Ukraine in 2024
was twice that recorded across the entire European
Union (Sedano et al. 2026). Protected forests hold
exceptional ecological value, but they are were not
spared from destruction:in the “Svyati Hory” National
Nature Park, wildfires destroyed 11.96 thousand hec-
tares of forest land, accounting for 28.7% of its total
area. Consequently, this park was selected for remote-
sensing-based estimation of biomass losses. This
approach enables the refinement of environmental

damage assessment frameworks, providing criti-
cal documentation required by legal authorities for
reparations.

Satellite remote sensing enables high-resolution
monitoring of above-ground biomass (AGB) and
its dynamics across large areas (Harris et al. 2021).
Although biomass estimation depends on sound
allometric models and robust field measurements,
the traditional data gathering is highly labor-inten-
sive and time-consuming, which is prompting a shift
toward remote sensing. Modern land monitoring
increasingly relies on integrated open-access data-
sets, including Sentinel-1 (S1) radar imagery, Senti-
nel-2 (S2) multispectral optical data, and spaceborne
LiDAR from the GEDI (Global Ecosystem Dynamics
Investigation) mission (Shao and Zhang 2016).

Operating since April 2019 aboard the Interna-
tional Space Station, GEDI is the first satellite LiDAR
mission designed to study the vertical structure of
vegetation, measuring canopy profile characteris-
tics at a 25 m spatial resolution between latitudes
51.6°N and 51.6°S (Dubayah et al. 2022). Integrat-
ing multiple spaceborne sensors represents the
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Fig. 1 Geographical location and boundaries of the “Svyati Hory” National Nature Park.
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most effective approach for biomass mapping. For
instance, GEDI-derived canopy parameters have been
combined with Landsat imagery to develop global for-
est height models at 30 m resolution (Potapov et al.
2021), and with Sentinel-2 data to generate 10 m res-
olution global maps (Lang et al. 2023). Similar mul-
tisensor integration involving S1, S2, and GEDI met-
rics has been successfully applied to regional canopy
height and biomass modeling (Fayad et al. 2024; Pauls
et al. 2024; Tolan et al. 2024).

Given the worsening climate crisis, accurate forest
carbon management and vertical structure assess-
ments are vital. GEDI data have proven highly effec-
tive for evaluating AGB density and carbon stocks
in protected areas and managed forests globally, as
demonstrated in recent studies across various geo-
graphic scales (Liang et al. 2023; Grings et al. 2025;
Van Winckel et al. 2025).

Building upon these findings, this study aims to
evaluate the above-ground phytomass of the “Svyati
Hory” National Nature Park by modeling AGB density
(AGBD) using the Random Forest machine learning
algorithm integrated with multispectral satellite data
(Sentinel-2), radar data (Sentinel-1), terrain param-
eters derived from the Copernicus GLO-30 DEM and
GEDI LiDAR measurements. Furthermore, we aim to
verify these modeling outputs against historical for-
est inventory data and quantify the total forest stock
losses resulting from wildfires caused by the armed
conflict.

2. Materials and methods

2.1 Study area

The “Svyati Hory” National Nature Park (Fig. 1), estab-
lished in 1997 in the Bakhmut and Kramatorsk dis-
tricts of the Donetsk region, serves as the study area.
Spanning the high right bank, the lower pine terrace,
and the Siverskyi Donets River floodplain, the park
covers 40.6 thousand hectares, with forests occupy-
ing 95% of the territory. The average age of these for-
est stands is 73 years, with a mean canopy height of
19.67 m, an average DBH of 25.03 cm, and a growing
stock volume of 212.33 m?/ha. Relict chalk pine for-
ests (Pinus sylvestris on chalk) hold high ecological val-
ue (Kotov 1928); in the 1960s-1970s, they extended
over 90 hectares, forming the largest contiguous tract
within the Serednyoruska Upland (Doronin 1970).
Additionally, the left bank contains artificial pine
plantations established in the 1950s-1960s adjacent
to natural peri-steppe pine forest remnants exceeding
140 years of age. The area also hosts upland, ravine,
and floodplain oak forests, alder groves, and pop-
lar-willow forests (Didukh and Pashkevych 2003).

In the Mayatska Dacha tract, an isolated locality
of Carpinus betulus L. occurs (Sinelshchikov 1975).
Detailed vegetation characteristics of these habitats,

which have recently suffered severe degradation and
loss, are provided in subsequent studies (Dyakova
2008; Zhurova 2012; Kuzemko et al. 2018; Didukh
etal. 2024).

2.2 Methodology for Modelling Aboveground
Biomass Density (AGBD)

Aboveground biomass density (AGBD) was modeled
via Google Earth Engine (Gorelick et al. 2017) using a
machine learning approach based on optical and radar
satellite data calibrated against GEDI LiDAR measure-
ments. The target variable was derived from the GEDI
L4A AGBD product, which provides high-precision
footprints for model training. To effectively capture
canopy structure, moisture status, and terrain influ-
ences, the predictor stack incorporated multi-source
remote sensing metrics: Sentinel-2 optical bands (B1-
B8, B8A, B9, B11, B12) and derived spectral indices
(NDVI, EVI, NDRE) to account for vegetation green-
ness, chlorophyll content, and canopy closure; Sen-
tinel-1 radar backscatter (VV and VH polarizations)
to mitigate spectral saturation and capture structural
forest density; and Copernicus GLO-30 DEM parame-
ters (elevation and slope) to account for geomorpho-
logical controls on biomass distribution.To minimize
systematic errors, GEDI data underwent multi-
criteria filtering, retaining points with 14_quality
_flag=1, degrade_flag = 0, relative biomass estimation
error < 50%, and terrain slopes < 30%. Water bodies
(NDWI < 0.1) and non-forest areas (Landsat tree cov-
er < 15%) were masked out. All datasets were harmo-
nized to a 10-meter spatial resolution (EPSG:3857)
using bilinear interpolation and the reduceResolution
method.

Regression was performed using the Random For-
est algorithm (smileRandomForest) with 500 decision
trees, trained on a stratified sample of 4,000 points
(70% training, 30% validation). Model accuracy was
evaluated using the Root-Mean-Square Error (RMSE,
Mg/ha), relative RMSE (RMSE%), and Coefficient of
Determination (R2). Predictor relative importance
(%) was also calculated to identify the primary driv-
ers of biomass estimation.

2.3 Forest habitat mapping methodology

Forest habitats were mapped using a modified meth-
odology based on the National Habitat Catalogue of
Ukraine (Kuzemko et al. 2018). Habitats were iden-
tified according to the EUNIS classification system
(EUNIS).

2.4 Methodology for quantifying forest stand
areas destroyed by wildfires

The general workflow for processing Sentinel-2
imagery consisted of four stages implemented in
three Google Earth Engine (GEE) scripts (Gorelick
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et al. 2017): initial dataset creation, land-cover clas-
sification, classification accuracy assessment, and
land-cover change detection. The classification proce-
dure was based on an object-oriented approach using
the Random Forest (RF) classifier (Tassi and Vizzari
2020). Classification accuracy was assessed using an
error matrix based on validation datasets (Al-Saady
etal. 2015).

2.5 Methodology for analysis and calibration
of verification data

To estimate phytomass stocks, 2014 forest inventory
data (sub-compartment area, height, DBH, age, stand
density, and growing stock volume) were analyz-
ed. To determine 2022 stock volumes, relationships
between age, height, and diameter for dominant
tree species were projected to 2022 using quadratic
equations, applying linear models only to immature
stands. Mean growing stock volume (m3/ha) was cal-
culated from age-volume, height-volume, and diame-
ter-volume functions.

Dry wood biomass was determined using conver-
sion factors from Groshev et al. (1980): 0.4 for conif-
erous; 0.55 for Quercus robur, Tilia cordata, Fraxinus
excelsior, and Acer negundo; 0.45 for small-leaved
deciduous; and 0.6 for Robinia pseudoacacia. Biomass
of individual ecosystem components (stem wood,
branches, foliage) was calculated using allometric
ratios (Hylyarov 1967; Lakida 2002) and supplement-
ed with shrub and herb layer indices. Young stands
(< 20 years old) were excluded due to high heteroge-
neity. This approach compensated for the lack of 2022
inventory data.

Also for cross-validation, modeled above-ground
biomass (AGB, Mg/ha) was compared with state
forest management datasets of stem wood volume
(V, m3/ha) for 2014. AGB was calculated via the bio-
mass expansion factor (BEF) method: AGB =V * K,
where Kis the integral conversion factor accounting for
wood basic density and the mass of the components.

Differentiated K-coefficients were applied follow-
ing Lakida (2002): coniferous (0.52), hard-leaved

ABGB (30 m)
267.12

65.01

Tab. 1. Quality estimates of aboveground biomass models for the
“Svyati Hory” National Nature Park with different spatial resolutions.

Resolution R2 (coef. RMSE RMSE
of determination ) (Mg/ha) (%)

10 m 0.575 42.82 24.24
20m 0.528 43.76 24.68
30m 0.281 48.31 26.48

deciduous (0.60), and soft-leaved deciduous (0.59).
To mitigate the inventory time gap and remove sta-
tistical outliers (e.g., undocumented logging), a two-
stage hybrid filtering was applied. Outliers were
removed using the Interquartile Range (IQR) meth-
od applied to model residuals, followed by filtering
out observations exceeding the Mean Absolute Error
(MAE) threshold.

To test for non-linearity between remote sensing
and ground-truth data, linear and quadratic regres-
sion models were compared using the Coefficient of
Determination (R2) and Akaike’s Information Crite-
rion (AIC) at a significance level of o = 0.05. Statisti-
cal analysis and visualization were performed using
Python (v.3.x), and spatial analysis via QGIS 3.34.15.

3. Results

3.1 Comparing the accuracy of models
with different spatial resolutions

Different spatial resolutions (10 m, 20 m, and 30 m)
are essential for understanding how scale affects the
accuracy of biomass estimation (Tab. 1, Fig. 2).

A spatial resolution of 30 m (R? = 0.281) is char-
acterized by the lowest accuracy (Tab. 1, Fig. 2 and
Fig. 3). With a spatial resolution of 20 m (R? = 0.528),
a noticeable increase in accuracy is observed as the
resolution approaches that of the Sentinel-2 bands
(Tab. 1, Fig. 2 and Fig. 3). However, local biomass
peaks reflected in the overall correlation are still
smoothed out.

ABGB (10 m)
264.95

ABGB (20 m)
266.7

27.74

| 25.56

Fig. 2 Fragments of aboveground biomass maps (Mg/ha) near the Sosnove urban-type settlement at different spatial resolutions.
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Fig. 3 Validation results of the model with a resolution of 30 m (a), 20 m (b), and 10 m (c).
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Fig. 4 Predictor importance estimates (%) for the 10-meter resolution aboveground biomass model (for acronym definitions,

see the “Predictor Importance” section).

A spatial resolution of 10 m (R? = 0.575) delivers
the best result among the three options (Tab. 1, Fig. 2
and Fig. 3). Higher resolution allows the model to cap-
ture spectral differences between tree canopies and
reduces the number of “mixed” pixels at the bounda-
ries of forest stands. The model explains 57.5% of the
biomass variation. This is a high value for forest eco-
systems, considering their complex structure. An error
rate of 24.2% is entirely acceptable for remote sensing
methods (up to 30% is generally considered the norm).

The most notable change during the transition
from 30 m to 20 m and 10 m (Fig. 2) was a sharp
transformation of the lower limit of biomass values in
the legend. While the minimum value on the 30-meter
map was 65.01 Mg/ha, it decreased to 25.56 Mg/ha
on the 10-meter map. On maps with spatial resolu-
tions of 20 m and 10 m, small infrastructure elements
such as forest clearings and roads (light lines) are
clearly visible, whereas on the 30-meter map, they
appear blurred or intermittent. This is important for
mapping areas bordering clearcuts or roads. Further-
more, the 10-meter map allows for the visualization
of internal forest heterogeneity - “gaps” in stands and
the microstructure of the canopy space. On coarser

maps, these details are lost, turning the forest into a
spectrally homogeneous expanse.

3.2 Predictor importance

Spectral bands and elevation exert the greatest influ-
ence on the model (Fig. 4). B12 (Short-wave Infrared -
SWIR) provides the highest contribution (~9.7%), the
Digital Elevation Model (DEM) ranks second (~9.3%),
B5 (Red Edge) and B11 (SWIR) also exhibit high sig-
nificance (~7.5% and 7.2%, respectively), vegetation
indices (NDVI, EVI, NDRE) show moderate impor-
tance (ranging from 3.5% to 4.5%), radar data (VH,
VV) maintain a stable, moderate influence (~5.8%),
B8 (Near-Infrared) and B9 (Water Vapour) show the
lowest values (~3.2%) and Slope has a relatively low
impact (~3.8%).

Consequently, the model relies heavily on the
short-wave infrared spectrum (SWIR) and topograph-
ical characteristics (DEM). This demonstrates that the
“greenness” of plants (provided by the visible spec-
trum) is insufficient for accurate biomass prediction;
it is essential to account for stand structure and envi-
ronmental conditions.

Tab. 2 Forest inventory parameters of different tree species for 2014 and 2022.

mea | hee |

) mmmmmm

S)L;Z:us 5532.20 | 78.74+31.35 | 90.39+27.99 | 19.03%4.75 20.74+3.12 | 26.61+10.79 | 29.55+15.73 | 176.14+67.35 | 222.40+40.53
:)1/7\:le~sstris 3339.99 | 43.49+18.63 | 49.49+18.6 13.2245.38 14.45+2.66 17.37+7.67 25.31+8.85 | 236.17+90.73 | 268.03+40.12
Fraxinus

excelsior 1056.91 | 67.594+25.13 | 73.594+25.13 | 20.78+4.87 22.04+3.45 25.19+8.32 29.00+8.64 | 199.32+73.31 | 215.02+39.01
'2,’3;:050 398.40 | 55.70+22.49 | 61.69+22.49 | 18.85+6.03 20.53+4.45 21.50+7.45 25.88+4.86 | 190.96+87.34 | 219.25+54.82
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3.3 Model validation based on data calculated
for 2022 using forest management materials 2014

To validate the aboveground biomass model we used
calculated data on biomass stocks within the forest
compartments of the “Svyati Hory” National Nature
Park, derived from forest management records
(Tab. 2).

For further data verification analysis, we selected
the parameters of four tree species: Pinus sylvestris s.l.,,
Quercus robur, Fraxinus excelsior, and Alnus glutino-
sa. These species cover the largest areas (accounting
for 96.7% of the total forested area) and represent
diverse growing conditions ranging from dry to wet
forest sites (Tab. 2).

As illustrated by the age-dependent changes in the
growing stock volume of Pinus sylvestris and Quercus
robur (Fig. 5), this relationship, similarly to other spe-
cies, is described by a quadratic equation. This aligns
well with the data obtained through remote sens-
ing methods. The strongest correlations were found

500 A

" e

400 - S

"
300 -
200 -
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between growing stock volume and stand height (see
methodology), confirming the feasibility of utilizing
remote sensing approaches.

This approach enabled the alignment of ground-
based datasets with the spectral sensitivity of Sen-
tinel-1/2 sensors, which capture backscatter and
reflectance signals exclusively from the aboveground
forest components. Preliminary data analysis shows
that using the unsegmented, full dataset yields a very
weak correlation (R* = 0.064).

Comparative statistical analysis confirmed a signif-
icant non-linear relationship between forest invento-
ry parameters and modeled aboveground biomass
(AGB). The quadratic model proved more accurate
than the linear one (the AIC value decreased from
30,718 to 30,682), with the second-order polynomi-
al term being highly significant (p < 0.001). Residual
analysis (Fig. 6) revealed a characteristic downward
curve at high biomass levels (>200 Mg/ha). This indi-
cates a spectral saturation effect in the Sentinel-2
data, which is typical for dense forest canopies.
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Fig. 5 Dependence of growing stock volume (y) on forest stand age (x) for Pinus sylvestris:
y = -0.053x? + 9.1089x - 77.376, R? = 0.53 (a); Quercus robur: y = —0.0216x2 + 5.0775x - 53.774, R? = 0.48 (b).
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Fig. 6 Residual plot of the linear model.

By comparing the predicted AGB values obtained
with the developed Sentinel-1 and Sentinel-2 mod-
el against the ground inventory data recalculated
for 2022, an initial array of 3,138 validation points
was formed. Following the application of the hybrid
data filtering algorithm (IQR + MAE threshold), the
final dataset for statistical analysis comprised 1,842
points. The analysis showed a substantial improve-
ment in model fit after removing statistical noise. The
coefficient of determination (R?) increased from 0.15
to 0.56, indicating the model’s capacity to explain
more than half of the biomass variation in the study
region. Following the data cleaning process, the mean

Cleaned Data Points
—— Quadratic Fit (R?=0.56)
=== Linear Fit (R?=0.54)
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Taxational AGB (Mg/ha)

F

absolute error (MAE) stabilized at a level below the
sample standard deviation, confirming the high rep-
resentativeness of the model.

A comparative analysis of linear and polynomi-
al regressions on the cleaned data confirmed the
assumption of a non-linear relationship. The quad-
ratic model (y = -0.004195x> + 2.1136x - 59.5872)
demonstrated superior statistical performance: a
decrease in AIC by 86 units (from 15,636 to 15,550)
signifies the greater adequacy of the non-linear
approach. The high significance of the quadratic term
(p < 0.001) mathematically proves the curvature of
the regression line.

160 180 200

g. 7 Scatter plot of taxational vs. predicted AGB with linear and quadratic fit comparison (n = 1,842).
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Tab. 3 Statistical indicators of the AGB model approximation
for the main forest-forming species.

Num!oer RMSE Saturation
of points (Mg/ha) threshold
(n) (Mg/ha)

Total sample 1,842 0.564 16.47 251.9
Quercus robur 1,095 0.514 15.33 231.2
Pinus sylvestris s.|. 474 0.545 17.61 278.9
Fraxinus excelsior 166 0.571 17.69 239.7
Alnus glutinosa 63 0.379 16.03 153.3

Visual analysis of the resulting relationship (Fig. 7)
indicates a spectral saturation effect. The increase in
sensor response gradually slows at biomass values
above 180-200 Mg/ha. In such cases, linear approx-
imation leads to a systematic underestimation of
stocks in overmature and highly productive stands,
whereas the applied quadratic correction partially
compensates for this effect.

Calculating the theoretical sensitivity threshold of
the model by finding the extremum of the polynomial
function revealed a value of 251.9 Mg/ha. This aligns
with published literature regarding the signal satu-
ration of the Sentinel-1 C-band radar and Sentinel-2
spectral indices in temperate forests.

Non-linear dynamic analysis of the model showed
that the hybrid data cleaning procedure shifted the cal-
culated signal saturation threshold from 198.6 Mg/ha
to 251.9 Mg/ha (Tab. 3). This indicates that elimi-
nating random forest inventory errors allowed the
model to better identify the weak but existing sensor
response in highly productive stands, expanding the
reliable biomass prediction range by 27%.

The obtained data indicate a consistently high pre-
dictive capacity of the model for most of the studied
tree species (Tab. 3). The total model, constructed
based on 1,842 test plots, exhibits a coefficient of
determination of R? = 0.564 with a root mean square
error (RMSE) of 16.47 Mg/ha. This suggests that the
selected calculation methodology adequately repli-
cates the spatial structure of biomass at the landscape
level.

Among individual tree species (Tab. 3, Fig. 8), the
best approximation results are observed for Fraxi-
nus excelsior, where the coefficient of determina-
tion reaches 0.571. For the dominant species of the

region - Quercus robur and Pinus sylvestris s.]. - the R?
values are 0.514 and 0.545, respectively. The some-
what lower indicators for Alnus glutinosa (R? = 0.379)
may be associated with a smaller sample size and the
specific growing conditions of this species in water-
logged habitats, which affect canopy reflectance.

The saturation threshold parameter warrants par-
ticular attention. For Pinus sylvestris s.l. it reaches its
highest value at 278.9 Mg/ha, which indicates the fea-
sibility of using Sentinel-2 optical data for monitor-
ing mature coniferous stands. Conversely, the lowest
saturation threshold was recorded for Alnus glutinosa
(153.3 Mg/ha), indicating a rapid attainment of maxi-
mum canopy density, after which sensor sensitivity to
biomass increments decreases substantially.

The obtained RMSE values in the range of
15.33-17.69 Mg/ha across all species are acceptable
for remote sensing of forests and confirm the effec-
tiveness of integrating calculated inventory indica-
tors with satellite data to evaluate forest ecosystem
services.

To comprehensively evaluate the validity of the
obtained results, an analysis of the systematic bias
(Bias) of the predicted phytomass values relative to
the calculated forest inventory data was performed
(Tab. 4).

The obtained results show a minor systematic
overestimation (Positive Bias) of the predicted val-
ues by the model compared to the calculated ground
data. For the entire dataset (n = 1,842) the mean bias
is only 5.3 Mg/ha, which corresponds to a relative
error of 3.1%. This low indicator confirms the high
reliability of the developed algorithm for estimating
total biomass stocks. Notably, the highest accuracy
was recorded for Fraxinus excelsior, where the error
is remarkably low at 0.8% (with a bias of 1.36 Mg/ha).
This indicates an ideal alignment between the spec-
tral characteristics of this species and the select-
ed mathematical model. For the dominant species,
Quercus robur, the deviation is also minimal (2.2%),
which is a highly significant indicator given that
it constitutes the largest sample size in the study
(1,095 points). A slightly higher bias is observed for
Pinus sylvestris s.l. (4.9% or 8.22 Mg/ha), which can
be attributed to the structural characteristics of the
coniferous canopy and its effect on backscatter and
signal scattering in the near-infrared spectrum. The
largest relative bias was found in Alnus glutinosa

Tab. 4 Comparison of average AGB values and bias indicators for the main tree species.

m Number of points (n) Average (forest inventory) Average (model) Bias (Mg/ha)

Total sample 1,842 173.07 178.37

Alnus glutinosa 63 152.92 167.88 14.97 9.8
Fraxinus excelsior 166 162.54 163.90 1.36 0.8
Pinus sylvestris s.I. 474 169.28 177.50 8.22 4.9
Quercus robur 1,095 179.04 182.95 3.91 2.2
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Fig. 8 Validation of AGB estimation models for dominant tree species:

glutinosa (d).

(9.8%). Although this error is not critical for ecolog-
ical monitoring in absolute terms (14.97 Mg/ha), it
underscores the complexity of biomass modeling in
humid locations, where the influence of the underly-
ing surface and soil moisture on the spectral response
is most pronounced.

3.4 Validation of the model based on 2014
forest inventory data

To verify the model’s resilience to systematic bias
caused by natural stand dynamics, we conducted an
additional validation based on growing stock volume
data from the previous forest inventory of the study
area (2014). This approach allowed us not only to
verify the accuracy of satellite monitoring but also to
justify its applicability for updating outdated national
registry data in protected areas, where the last forest
inventory was conducted more than 10 years ago.
The total model (Fig. 9), constructed based on a
representative sample of 2,454 points (filtered out of
an initial 3,138 points), demonstrated a moderate lev-
el of consistency (R? = 0.541) with a root mean square

Taxation AGB (Mgiha)

Pinus sylvestris s.l. (a); Quercus robur (b); Fraxinus excelsior (c); Alnus

error (RMSE) of 24.4 Mg/ha. The resulting saturation
point for the total model is 261.5 Mg/ha. This indi-
cates that while the integrated phytomass indicator
for the entire park correctly reflects carbon accumu-
lation trends, it has certain limitations in high-density
forest stands, which is typical for optical sensors.

Differentiation of the models by tree species (Tab. 5,
Fig. 10) revealed specific features of the satellite sig-
nal response depending on canopy structure. Quer-
cus robur (n = 1,011) exhibited the highest accuracy
among the primary species (R? = 0.598) with a rela-
tively low error of 20.18 Mg/ha. The model saturation
threshold (209.9 Mg/ha) correlates with the biologi-
cal characteristics of the dense oak canopy structure.

Despite the large sample size, the model for Pinus
sylvestris (n = 995) demonstrated a slightly lower
coefficient of determination (R? = 0.445). Concurrent-
ly, pine displayed the highest saturation threshold at
307.9 Mg/ha, indicating higher model sensitivity to
substantial growing stocks specifically within conif-
erous forest stands. The results for Fraxinus excelsior
(n = 192) demonstrated stable accuracy (R* = 0.562)
with an error of 22.81 Mg/ha.
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Fig. 9 Relationship between model-predicted AGB for 2022 and taxational (field-observed) validation datasets for 2014 and 2021.

[ts saturation threshold (182.1 Mg/ha) is the low-
est among the analyzed species, which may suggest a
rapid attainment of maximum canopy optical density
by this species. The model for Alnus glutinosa (n = 99)
showed moderate accuracy (R? = 0.492) and the low-
est absolute error at 18.77 Mg/ha, confirming the fea-
sibility of effective monitoring even within relatively
humid habitats.

To gain a deeper understanding of model accuracy,
a comparative analysis was conducted between the
mean phytomass values derived from forest invento-
ry data and the predicted model values. The results of
this analysis for the total sample and key species are
presented in Tab. 6.

Analysis of the total sample (n = 2,454) revealed a
steady trend toward the overestimation of parameters
by the model compared to the forest inventory data.
The mean phytomass value predicted by the model is

Tab. 5 Statistical indicators of the AGB model approximation for the
main forest-forming species (based on 2014 forest inventory data).

Number Saturation
. . RMSE
Group/Species of points (Mg/ha) threshold
(n) (Mg/ha)

Total sample 2,454 0.541 24.4 261.5
Pinus sylvestris s.l. 995 0.445 27.53 307.9
Quercus robur 1,011 0.598 20.18 209.9
Fraxinus excelsior 192 0.562 22.81 182.1
Alnus glutinosa 99 0.492 18.77 190

173.00 Mg/ha, which is 28.52 Mg/ha higher than the
inventory-derived value (144.48 Mg/ha). The mean
relative error (bias) stands at 19.7%.

The degree of data consistency varies substan-
tially depending on the biological characteristics of
the tree species. Pinus sylvestris s.l. and Alnus glu-
tinosa demonstrated the lowest levels of relative
bias - 16.6% and 16.5%, respectively. This indicates
a high stability of the model for these stand types,
where the error remains within the range of natural
annual increment and the typical margins of error of
standard forest inventory methods. The largest bias
was recorded for Quercus robur (23.5%) and Fraxinus
excelsior (19.9%). The high deviation level for oak (an
absolute bias of 32.99 Mg/ha) may be associated with
an underestimation of actual growing stocks in older
forest inventory records, given that the broadleaved
hardwood forests of the park are characterized by a
high proportion of associated understory layers and
significant biomass accumulation. Consequently, the
detected bias does not represent an algorithmic error
but rather reflects the dynamic changes within the
park’s ecosystems that occurred after the last forest
inventory.

When comparing the overall validation scatter plot
(Fig. 9) with the plots for individual species (Fig. 10),
a specific discrepancy in the behavior of the regres-
sion curves relative to the 1:1 line of perfect agree-
ment was identified. On the individual species plots
(Quercus robur, Pinus sylvestris s.l., Fraxinus excelsior,
Alnus glutinosa), the regression curves are positioned
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Fig. 10 Validation of AGB estimation models for dominant tree species (based on 2014 forest inventory data): Pinus sylvestris s.l. (a);

Quercus robur (b); Fraxinus excelsior (c); Alnus glutinosa (d).

almost entirely above the 1:1 line. This confirms
the presence of a systematic positive bias driven by
biological factors: the actual phytomass increment
since the last forest management assessment and the
understory contribution, which is captured by satel-
lite sensors but omitted in standard forest invento-
ries. In this scenario, the model adapts to the specific
point cloud of a given species, describing its internal
structure with maximum precision.

In contrast, the overall validation plot presents a
different scenario: a significant portion of the curve
(particularly at extreme values) tends toward or falls
below the 1:1 line. This effect - which is also observed

on the validation plots based on the 2022 calculat-
ed biomass, albeit less pronounced (Fig. 8-9) - is
attributed to statistical averaging and the saturation
effect. When combining different tree species into a
single dataset, the model encounters a high varia-
bility in spectral response. To minimize the overall
mean square error (MSE), the regression algorithm
is forced to select a more conservative trajectory that
passes through the geometric center of the combined
point cloud. When biomass accumulation exceeds 200
Mg/ha, the spectral sensitivity of the satellite bands
decreases substantially. Since the number of such
high-value points in the total sample is limited, this

Tab. 6 Comparison of average AGB values and bias indicators for the main tree species.

m Number of points (n) Average (Forest inventory) Average (Model) Bias (Mg/ha) Error (%)

Total sample 2,454 144.48 173.00 28.52 19.7
Pinus sylvestris s.. 995 154.57 180.21 25.64 16.6
Quercus robur 1,011 140.35 173.35 32.99 23.5
Fraxinus excelsior 192 132.14 158.46 26.32 19.9
Alnus glutinosa 99 151.53 176.46 24.93 16.5
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leads to an underestimation of predictions for highly
productive plots.

Consequently, the comparative analysis of the
two verification methods enabled the differentiation
between the technical accuracy of the model and the
biological dynamics of the target object. The appli-
cation of the calculated approach (with verification
based on biomass calculated from morphometric
parameters) demonstrated the high accuracy of the
developed model (R% = 0.56), where the regression
line closely approximated the 1:1 isoline (Fig. 10).
This proves that when the temporal lag is correct-
ly accounted for, Sentinel-1/2 satellite data provide
precise estimations of aboveground phytomass. At
the same time, verification based on growing stock
volume data revealed a consistent positive bias. Con-
sidering the outcomes of the first approach, this bias
should be interpreted not as a systematic modeling
error, but rather as a reflection of the actual accumu-
lated biomass increment and the contribution of eco-
system components that were omitted from standard
forest inventory descriptions.

3.5 Estimation of aboveground biomass

stocks in key forest habitats of the “Svyati Hory”
National Nature Park and its losses

over the 2022-2024 period

Based on forest inventory data and the results of sat-
ellite image analysis, we have developed a habitat

37027 37°39'

classification scheme and created a corresponding map
that adequately represents their diversity (Fig. 11).

To estimate the aboveground biomass stocks across
the primary forest habitats of the Park (Fig. 11), mod-
el calibration was performed. The calibration process
of the predictive model was based on approximating
the relationship between the predicted aboveground
biomass values and the verified ground-based forest
inventory data (n = 1,842).

Comparative analysis of statistical criteria con-
firmed the superiority of the quadratic model
(R?=0.5645; AIC = 15,550.48) over the linear one due
to its more precise description of the non-linear rela-
tionship in the high phytomass range. The resulting
calibration equation, AGB = -0.004195x2 + 2.1136x
- 59.5872, minimized the root mean square error to
RMSE = 16.47 Mg/ha. The negative coefficient of the
quadratic term mathematically verifies the gradual
saturation effect of the remote sensing signal; howev-
er, the synergy between the optical SWIR bands and
Sentinel-1 radar data ensures model stability even
upon reaching threshold biomass values (exceeding
200 Mg/ha), which is confirmed by the low internal
variability of the predictions (CV < 10%).

The results of the zonal statistics (Tab. 7) indi-
cate significant spatial and structural heterogeneity
of aboveground biomass stocks within the studied
habitats. The total area of forest ecosystems was
37,097.24 ha, and the cumulative aboveground phy-
tomass stock is estimated at 14.22 million tonnes. The
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Fig. 11 Forest vegetation habitats of the “Svyati Hory” National Nature Park: 1 — Carpinus and Quercus mesic deciduous forest (T1E); 2 —
Thermophilous or Acidophilous oak-dominated forest (T199, T1B); 3 — Temperate and boreal mountain Betula and Populus tremula forest on
mineral soils (T1C); 4 — Temperate Salix and Populus riparian forest (T11); 5 — Sarmatic riverine oak forests (T1315); 6 — Sarmatic ash-alder
forests (T12135); 7 — Ponto-Pannonic tall herb ash-alder forests (T12133); 8 — Broadleaved deciduous plantation of non-native trees (T1H);

9 — Temperate continental Pinus sylvestris forest (G3.4232 Sarmatic steppes Pinus sylvestris forests) (T35); 10 — Temperate continental Pinus
sylvestris forest (G 3.4G Pinus sylvestris on chalk in the steppe zone) (T35); 11 — Coniferous plantation (T3N, T3M); 12 — Other habitats.

Topobase — Google Satellite.
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Tab. 7 Phytomass indicators of the dominant habitat types in the “Svyati Hory” National Nature Park (as of 2022). For full names of habitats

see Fig. 11.
N = I ="
T3N, T3M 505.75 180,394.47 157.06 57,455.27 31.05 31.85
2 | T35(G3.4232) 13,903.20 5,215,690.24 9,029.91 3,556,351.33 64.95 68.19
3 | T35 (G3.4G) 96.30 32,679.11 35.25 14,189.67 36.60 43.42
4 | T12135 282.21 110,513.85 29.47 7,148.72 10.44 6.47
5| T1E 9,355.97 3,906,041.68 79.80 23,542.40 0.85 0.60
6 | T199,T1B 4,767.93 1,893,299.87 1,810.56 758,538.33 37.97 40.06
7 | T12133 1,641.03 570,330.42 338.86 111,376.80 20.65 19.53
8 | T1C 752.47 222,873.64 330.70 97,613.19 43.95 43.80
9| T11 661.06 220,107.56 36.01 8,917.43 5.45 4.05
10 | T1315 4,338.87 1,649,253.49 52.28 16,418.96 1.20 1.00
11 | T1H 792.44 216,785.96 60.54 12,704.05 7.64 5.86
Total 37,097.24 14,217,970.28 11,960.43 4,664,256.15

maximum specific biomass values are characteristic
of Carpinus and Quercus mesic deciduous forest (T1E)
at 180.06 Mg/ha. This confirms the high productivi-
ty of the region’s climax oak forests. High values are
also exhibited by Thermophilous and Acidophilous
oak-dominated forests on terraces (171.01 Mg/ha).
The primary carbon sinks are Temperate continental
Pinus sylvestris forest / Sarmatic steppes Pinus sylves-
tris forests (T35/G3.4232), accounting for over 5.2
million tonnes of phytomass. Despite their slightly
lower density (161.60 Mg/ha) compared to oak for-
ests, they dominate the total balance due to having the
largest distribution area (13,903 ha). Sarmatic ash-al-
der forests (T12135), although covering a small area
(282 ha), exhibit a high phytomass density of 168.72
Mg/ha, indicating their significant energy potential
in humid locations. The lowest biomass density was

3707 37390 3y

recorded in Broadleaved deciduous plantation of
non-native trees (T1H) at 118.04 Mg/ha, which is pri-
marily explained by the shrub-like structure or young
age of the plantations (apricot, smoketree, honey
locust, etc.).

Zonal analysis of phytomass distribution con-
firmed that over 64% of the total AGB stocks are con-
centrated in two habitat types: Temperate continen-
tal Pinus sylvestris forest (G3.4232 Sarmatic steppes
Pinus sylvestris forests) and Carpinus and Quercus
mesic deciduous forest. The obtained data serve as a
baseline for the subsequent evaluation of ecosystem
service losses resulting from pyrogenic impacts and
mechanical damage to the stands.

Following the outbreak of the armed conflict in
2022 in the vicinity of the Park, the frequency of for-
est fires within its forested areas increased sharply.

[Ipark boundary
ABGB (Mg/ha)

P 206,64
' 0

Fig. 12 Cartographic model of aboveground biomass density and areas burned during the 2022—-2024 period

within the “Svyati Hory” National Nature Park.
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Consequently, substantial territories of the Park sus-
tained pyrogenic damage, which is clearly identifi-
able on satellite imagery. Based on the visual inter-
pretation and comparative analysis of Sentinel-2
satellite images (2021-2024), these affected areas
(burn scars) were delineated, and a GIS layer outlin-
ing the boundaries of the burned forests (burn scar
mask) was subsequently generated (Fig. 12).

To quantitatively evaluate the destructive impact
of fire on the forest ecosystems, a spatial overlay anal-
ysis was applied. The burn scar mask layer, derived
from satellite imagery interpretation, was super-
imposed onto the habitat map. This allowed for the
isolation of habitat fragments that directly sustained
pyrogenic impacts and enabled a secondary zonal
statistics analysis to be conducted for these specific
areas (Tab. 7).

The total area of forest stands affected by fire is
11,960.43 ha. The cumulative losses of aboveground
phytomass within the fire mask boundaries are esti-
mated at 4,664,256.15 tonnes. The most destructive
impact was recorded in Temperate continental Pinus
sylvestris forest / Sarmatic steppes Pinus sylvestris
forests (T35/G3.4232). Fires engulfed 64.95% of the
total area of this habitat (9,029.91 ha), resulting in the
loss of 3.56 million tonnes of AGB, which constitutes
68.19% of the entire stock of this forest type within
the park. Significant losses were also sustained by
birch forests (43.95% of their area) and oak-pine for-
ests on terraces (37.97% of their area). For the latter,
the volume of lost biomass exceeded 758 thousand
tonnes. The lowest relative impact was recorded for
Carpinus and Quercus mesic deciduous forest (T1E)
and Sarmatic riverine oak forests (T1315), where the
area of burn scars did not exceed 0.85-1.2%.

Particular attention should be paid to the sta-
tus of Temperate continental Pinus sylvestris forest
/ Pinus sylvestris on chalk in the steppe zone (T35/
G 3.4G), which represents a unique regional ecosys-
tem based on the chalk pine (Pinus sylvestris var. cre-
tacea). According to the results of the overlay analysis,
36.6% of the area of this rare habitat fell within the
burned territories, resulting in the loss of 14.19 thou-
sand tonnes of aboveground biomass (Table 7). Nota-
bly, certain patches of this habitat were completely
destroyed by fire, while the majority of the remaining
areas sustained severe damage.

4. Discussion

Spatial resolution is critical for forest biomass mod-
eling. Our findings demonstrate that 10 m resolution
(R2 = 0.575) significantly outperforms 30 m reso-
lution (R? = 0.281) by reducing the pixel-averaging
effect. In fragmented mosaic landscapes, the 30 m
resolution causes artificial smoothing of spectral
responses, underestimating maximum and overesti-
mating minimum biomass values (Duncanson et al.

2022; Lang et al. 2023). Conversely, 10 m data better
represent canopy fine structure and delineate forest
infrastructure (Phiri et al. 2020; Lang et al. 2023).

Predictor-importance analysis indicates that opti-
cal indices based on the visible spectrum, such as
NDVI, lose explanatory power in highly productive
forests. The strong contributions of the SWIR band
(B12) and DEM reflect their ability to capture cano-
py structure and moisture, as SWIR bands penetrate
deeper into the canopy and delay spectral satura-
tion (Zhao et al. 2016). Additionally, the NDRE index
performance confirms that the red-edge region is a
more reliable biomass indicator in dense stands than
broadband channels (Pandit et al. 2018). Integrating
optical data with Sentinel-1 radar metrics (VV, VH)
enhances model sensitivity to vertical stem structure,
supporting a robust multisensor approach.

A key contribution of this study is mitigating the
spectral saturation effect, which typically limits
optical data use at 150-200 Mg/ha (Hao and Huang
2023). Implementing quadratic regression and a two-
stage hybrid filtering algorithm (IQR + MAE) shifted
the sensitivity threshold from 198.6 to 251.9 Mg/ha.
This enabled accurate growing stock estimation in
overmature Pinus sylvestris stands and climax Quer-
cus robur forests, where linear models systematically
underestimate biomass. The small positive model bias
(+3.1%) relative to forest inventory data is biological-
ly plausible, as satellite sensors capture integrated
phytomass (understory and herb layers) and recent
wood increment, which are frequently omitted from
historical management records.

Since the outbreak of the armed conflict in 2022,
the forest ecosystems of “Svyati Hory” National
Nature Park have sustained catastrophic damage, los-
ing an estimated 4.66 million tonnes of above-ground
biomass across 11.9 thousand hectares. This substan-
tial loss of growing stock releases stored carbon into
the atmosphere, transforming the area from a carbon
sink into a carbon source (Matsala et al. 2024). Spatial
overlay analysis revealed distinct pyrogenic vulnera-
bility across habitat types. Boreal complexes, specifi-
cally sarmatic steppe pine forests (G3.4232), suffered
the most destructive impact, losing 68.19% of their
biomass. The high vulnerability of Pinus sylvestris is
driven by flammable essential oils, dry coniferous
litter accumulation, a canopy structure promoting
crown fires, and its location on dry sandy terraces
(Bowman et al. 2009). Conversely, mesophilic and
hygrophilous broadleaved forests (habitats T1E,
T1315) with Quercus robur, Fraxinus excelsior, and
Alnus glutinosa demonstrated high resilience, with
biomass losses below 1-2%. High foliage moisture,
lack of flammable understory, and humid floodplain
positioning allowed these habitats to act as natural
fire barriers, underscoring the importance of mosaic
landscape structures for pyrogenic resilience.

The Pinus sylvestris on chalk (G3.4G) habitat
requires critical conservation focus; it lost 36.6% of
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its area and 14.19 thousand tonnes of biomass, threat-
ening a community of European significance (Minis-
try of Environmental Protection and Natural Resourc-
es of Ukraine 2021; Council of Europe 2018). Chalk
pine (Pinus sylvestris var. cretacea) is a narrow-range
endemic and Tertiary relict. Due to specific edaphic
conditions and low early-stage competitive abili-
ty, natural post-fire regeneration may take decades
or prove impossible without human intervention.
The absence of serotinous cones means crown fires
destroy the seed bank, while the thin litter layer on
chalk breaks down too quickly for seedlings to estab-
lish, making artificial reforestation the only viable
restoration pathway (Fernandes et al. 2008; Matsala
et al. 2024).

Despite high model accuracy (R? = 0.564), cer-
tain limitations remain. Utilizing 2014 forest inven-
tory records introduces temporal mismatch risks.
Although mitigated via mathematical modeling of for-
est increment and hybrid filtering, synchronous field
data remain ideal. This model estimates aboveground
biomass exclusively; substantial carbon was also
lost through litter burning and topsoil degradation,
requiring further investigation. Future research
should focus on satellite time-series monitoring of
post-fire regeneration and quantifying ecosystem ser-
vice economic losses.

5. Conclusions

For monitoring fragmented forest landscapes, a 10 m
spatial resolution is optimal. Transitioning from 30
m to 10 m data increased model accuracy (R? from
0.28 to 0.58) and mitigated the pixel-averaging effect,
enhancing the detection of low-biomass and highly
fragmented tracts.

The SWIR bands and DEM had the strongest influ-
ence on model performance, highlighting the impor-
tance of canopy moisture and geomorphology, while
the incorporation of the NDRE index and Sentinel-1
radar metrics helped mitigate spectral saturation in
dense stands.

Implementing a quadratic regression model
extended the reliable biomass prediction range to
251.9 Mg/ha, representing a 27% increase over the
linear alternatives. The observed positive model bias
(+3.1%) can be attributed to the inclusion of under-
story phytomass and recent wood increment rather
than to systematic error.

The 2022-2024 conflict sparked widespread fires,
destroying 32.8% of the park’s total above-ground
biomass. Among these, coniferous ecosystems proved
the most vulnerable, with steppe pine forests losing
over 3.5 million tonnes of biomass.

Endemic chalk pine forests (Pinus sylvestris var.
cretacea) face critical degradation, having lost near-
ly 40% of their area. Combined with soil erosion and
seed bank destruction, natural post-fire recovery is

severely hindered, necessitating targeted artificial
reforestation strategies following comprehensive
humanitarian demining.

To establish a baseline for a long-term research
agenda, future studies should focus on monitoring
post-conflict vegetation succession across the affect-
ed areas over the coming decades. Understanding
recovery trajectories is particularly critical for vul-
nerable habitats such as endemic chalk pine ecosys-
tems, where natural regeneration may take decades
or require active restoration interventions. The
multisensor remote sensing framework developed
in this study can be transformed into a continuous
long-term observatory to track ecosystem dynamics
and biomass accumulation over time. However, wide-
spread contamination by unexploded ordnance and
landmines presents a severe operational constraint,
limiting ground-based safety, delaying active resto-
ration efforts, and restricting field validation proto-
cols. Incorporating safe, non-invasive remote sens-
ing techniques will therefore remain paramount for
assessing post-war ecological recovery in hazardous
landscapes.
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