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Abstract

Forest fires pose an increasing threat to forest ecosystems under the combined influence of climate change, land-use
dynamics, and extreme weather events. Reliable forest ecosystem characterization and wildfire analysis require high-
quality, harmonized geospatial datasets that accurately reflect the environmental conditions governing fire ignition,
spread, and impact. The GeoFireData project aims to systematically collect, integrate, and process geospatial data to
support advanced wildfire analysis and future modeling efforts. The first phase of the project focuses on integrating
heterogeneous geospatial sources — UAV-derived DEM/DSM, national forest inventory data, Ministry of Agriculture and
Food (MoAF) orthophotos and DSM, and specialized layers for agricultural areas from the Land Parcel Identification
System (LPIS) — into a unified analytical layer.

The primary objective is to derive a statistically representative sample from the forest area for general ecosystem
description and analysis, using GIS tools and statistical methods. Forest stand data layers were processed, including
attributes such as forest type, age structure, mean tree height, mean diameter, and canopy height (CH). Terrain
characteristics — elevation, slope, and aspect — were also incorporated. Using five stratification criteria (forest type, age
class, elevation, slope, and canopy height) and GIS tools, the spatial distribution and characteristics of a representative
sample were established for the “Vratsa Balkan” study area (2,132.4 ha). The sample was derived using a stratified
random sampling method with proportional area allocation, in which the number of sample plots in each stratum is
proportional to the stratum's accessible area within the study zone. The stratification yielded 50 actual combinations, out
of a theoretical maximum of 162. A two-stage area-based generalization was applied: strata below 10 ha were merged
with the nearest significant stratum while preserving forest type and age class, strata below 20 ha were subsequently
merged following the same hierarchical principle, resulting in 12 final strata. Proportional allocation determined 27
sample plots (0.5 ha each). Sample representativeness was verified using a two-sample Kolmogorov-Smirnov test for
elevation, slope, and CH distributions, a y? test for the proportional representation of forest types and stand age classes,
and a spatial coverage analysis — all results confirmed the representativeness of the sample across all tested indicators.

The GeoFireData approach underlines the critical role of data-driven geospatial infrastructures in wildfire research and
management. By focusing on reliable data acquisition and processing, the project contributes to more reliable forest
ecosystem assessments and provides a robust foundation for future wildfire modeling and simulation.
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INTRODUCTION

Wildfires pose an increasing threat to forest ecosystems worldwide, particularly due to climate change, land-use
dynamics, and the growing frequency of extreme weather events. Effective wildfire risk management — from prevention
and early detection to monitoring and restoration — depends critically on the availability of high-quality, harmonized
geospatial datasets. This data must accurately reflect the complex environmental conditions that influence a fire’s ignition,
spread, and overall impact.

This study presents a methodological approach for advanced methods for acquisition, processing and verification of data,
as an important stage of pre-processing and quality control of different datasets integrated into a common layer in a GIS
environment for subsequent 3D modeling, analysis and evaluation for the purposes of the GeoFireData project.

The goal is to establish a statistically representative model that can be applied to the study, modeling, and monitoring of
wildfires.

Early traditional models of wildfire spread (Rothermel 1972), based on empirical relationships, laid the foundations, but
their accuracy depends heavily on the input data. With advances in GIS, it has become possible to integrate topographic
data, vegetation information, and meteorological conditions into more complex simulation models (Chuvieco et al. 1989).
Sentinel-2 has established itself as the preferred tool for mapping burned areas (Roteta et al. 2019; Liu et al. 2023). The
combined use of Landsat-8 and Sentinel-2 data further improves spatiotemporal coverage and detection accuracy,
particularly for small and fragmented fires (Roy et al. 2019). The spectral indices derived from these sensors — NDVI,
dNBR, and RBR — are widely used to assess fire severity and monitor post-fire vegetation recovery (Howe et al. 2022).
Meteorological reanalysis products (ERAS5, MERRA-2) complement the geospatial framework. The integration of these
diverse layers into coherent geospatial databases is an essential prerequisite for reliable wildfire modeling and simulation
(Chuvieco et al. 2019; Sakellariou et al. 2022).

Despite advances in satellite-based methods, the detailed three-dimensional characterization of forest fuel remains a
challenge. UAV-LiDAR systems demonstrate high potential for precise mapping of forest types. Hoffrén et al. (2024)
reported an average point density of 452 points/m? across 73 forest sample plots in Spain, and the integration of
HMLS/SLAM improved the identification of fuel in the lower structural layers. Aerial LIDAR scanning allows for a
direct assessment of fuel bulk density (Martin-Ducup et al. 2025). FastFuels demonstrates how integrating LiDAR data
can provide input for QUIC-Fire simulators (Marcozzi et al. 2025). Ground-based SLAM systems complement aerial
measurements, providing detailed information on ground-level fuel (Holvoet et al. 2025). Multispectral UAV cameras
expand analytical capabilities through NDVI and the assessment of fuel moisture (Santos et al. 2024).

This study is dedicated to a current scientific problem that is poorly studied in a national context. As an initial stage in
the GeoFireData project implementation, it offers a modern approach to harmonizing and integrating diverse geospatial
datasets and information. While stratified sampling and GIS-based forest inventory methods are well established in the
literature, this study introduces several specific contributions.

First, a five-criteria stratification scheme is proposed — combining forest type, age class, elevation, terrain slope and
canopy height — specifically designed to capture the multidimensional variability of mixed forest ecosystems relevant to
wildfire behavior.

Second, a two-stage area-based generalization (=10 ha — >20 ha) was implemented through an explicit hierarchical
merging procedure that preserves ecologically meaningful stratum attributes — forest type and age class as priority criteria
— while ensuring statistical stability of within-stratum estimates.

Third, four heterogeneous geospatial sources — high-resolution UAV-derived DEM and DSM, national forest
management inventory data, Ministry of Agriculture and Food (MoAF) orthophotos and DSM, and specialized layers for
agricultural areas from the Land Parcel Identification System (LPIS) — were integrated into a unified analytical layer
through a reproducible QGIS-based workflow.



Fourth, an improved forest type classification algorithm was applied: instead of relying solely on the dominant tree species
(DV1), the classification is based on the relative proportion of all tree species in the main canopy layer (DV1-DVS5) with
a threshold of >70%, reflecting the actual species composition of the stand, improving the delineation of mixed forest
stands, and correcting their systematic underrepresentation.

Fifth, sample representativeness was verified using three complementary methods: a two-sample Kolmogorov-Smirnov
test comparing the distributions of quantitative indicators (elevation, terrain slope, canopy height); a y? test assessing the
proportional representation of categorical indicators (forest type, age class); and a spatial coverage analysis (NearestHub)
evaluating the uniformity of sample plot distribution across the study area.

The need for statistically representative samples and methodological frameworks for their extraction using GIS remains
a current research issue. The GeoFireData project addresses this need by offering a systematic approach to acquiring,
integrating and validating geospatial data to support advanced wildfire analysis.

METHODOLOGY: THE GEOFIREDATA APPROACH

The methodology developed as part of the GeoFireData project is structured around the acquisition, processing, and
verification of geospatial data to derive a statistically representative model for wildfires. Figure 1 illustrates the complete
workflow used to conduct the studies, perform statistical and GIS analyses, and present the results.
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Figure 1. GeoFireData workflow — from input data (1) to representativeness assessment (5)

Study area

The study area is located administratively in the Montana Province, Varshets Municipality, within the territorial
boundaries of the villages of Dolno Ozirovo and Gorno Ozirovo, and falls within the boundaries of the “Vratsa Balkan”



Nature Park (Figure 2). The study area covers 2,132.37 hectares, with a length of approximately 7 km and a width of
approximately 3 km. The area is located in the Stresherski division of the Vratsa Mountain, at an elevation of 270 to 1,000
m, with an elevation difference of 800 m.

The geological foundation consists of sandstones, conglomerates, siltstones, and argillites, and in the eastern parts, of
limestones and dolomitic limestones (Haydutov et al. 1995). The soils include gray forest soils (Gleyic-Eutric Planosols,
Lithi-Haplic Luvisols), brown forest soils with rendzinas (Lithi-Eutric Cambisols, Rendzic Leptosols), and deluvial-
meadow soils (Koinov et al. 1968). The climate is temperate continental. The vegetation is predominantly broadleaf —
mixed stands of Quercus cerris, Quercus frainetto and Quercus pubescens (Bohn et al. 2000; Agrolesproekt 2019).
According to data from the “Vratsa Balkan” Nature Park, one incident /fire/ was reported on February 16, 2024, in the
vicinity of the village of Dolno Ozirovo.
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Figure 2. Map of the study area — “Vratsa Balkan” Nature Park, Varshets Municipality, Montana Province, Bulgaria;
Area: 2,132.4 ha; elevation range: 270-1,000 m a.s.1.; centre: 43°13'38"N, 23°24'9"E

Available geospatial data

The following data is available for the study area: a digital orthophoto map from the MoAF (0.40 m/pix, RGB, 2020) and
DSM (4 m/pix); UAV/ drone survey from 2022 with an orthophoto map (0.15 m/pix), DSM (0.5 m/pix) and DEM (0.5
m/pix) with the following limitation: 55% of the area was captured with trees still without leaves; ESRI shapefiles of the
physical blocks (PB) from the LPIS of the MoAF; and a forest management shapefile organized by subdivisions of the
Regional Forest Directorate Berkovitsa, including complete inventory attributes (up to five tree species per subdivision,
along with species distribution, origin, age, height, and diameter).

Creation of an integrated geospatial layer

All geoinformation layers are projected into the BGS2005 / UTM Zone 34N coordinate system. The slope and aspect
were calculated from a UAV DEM (0.5 m/pixel) using the algorithm described by Horn (1981), implemented in QGIS
(QGIS Development Team 2024). The canopy height (CH) is calculated as CH = DSM MoAF (4 m) — DEM UAV
(resampled to 4 m using average resampling). Zonal Statistics (Zonal Statistics in QGIS) extracts mean elevation, mean
slope, and mean canopy height (CH) for each forest management subdivision. A spatial join (Spatial Join in QGIS)
identifies forest polygons within the area’s boundaries.

The classification of forest type is based on the relative proportion of coniferous and broadleaf species in the first floor
(dominant) (attributes for the tree species included in the subsection — 5 tree species are considered): >70% coniferous —
coniferous; >70% broadleaf — broadleaf; otherwise — mixed. This approach takes into account the actual species
composition in the subdivision, rather than just the dominant species.



Stratification Scheme

Stratification divides the studied forest area into homogeneous spatial units — strata, based on five criteria: (1) forest
type — broadleaf/coniferous/mixed (based on >70% coverage in the first floor (dominant)) (2) stand stage — young (<40
years) / mature (41-80 years) / overmature (>80 years) (based on stand age); (3) elevation — low (200-350 m) / medium
(350-500 m) / high (>500 m); (4) slope — gentle (<15°) / moderate (15-30°) / steep (>30°) (Lundbéck et al. 2021), with
slope calculated from the DEM using the algorithm by Horn (1981); (5) Canopy height (CH) — low/medium (<10 m) /
high (>10 m). The theoretical maximum is 3x3x3x3x2 = 162 combinations. An additional criterion is the accessibility of
forest areas; for this reason, the existing forest roads in the study area were included, and buffer zones (40-800 m) were
generated based on the forest road network. A filter is also applied to ensure that participating subdivisions have a
minimum area (= 5000 m?). Strata with an area below the threshold value within the eligible zone are merged with the
nearest significant strata according to a hierarchical principle, while maintaining forest type and stage as priority criteria.
Verification is performed using SQL queries in the QGIS DB Manager to assess the completeness and accuracy of the
attributes according to the five stratification criteria for each polygon, as well as the total area by strata relative to the
specified threshold values. Forest polygons with identical attributes across the five stratification criteria are grouped into
strata (multipolygons) through geospatial vector processing in QGIS.

Stratified Random Sampling

Stratified random sampling is formed by sample plots (SPs) randomly located within each stratum, subject to a minimum
distance from the stratum boundary and from adjacent sample plots. Each sample plot is circular in shape with an area of
0.5 ha (r =40 m). The eligible area is defined as the intersection of forest polygons with a buffer ring from the forest road
network. The lower boundary of the buffer corresponds to the radius of the sample area (r = 40 m), which ensures that
the circle fits completely within the polygon. The upper limit is determined by the operational scope of the field team.
The centroids of the sample plots are randomly distributed within the permitted area, subject to a minimum distance from
the polygon boundary and a minimum distance between adjacent sample plots, implemented via a Python script in the
QGIS console. Naturally regenerated forest (NRF) areas are treated separately with a fixed number of sampling plots for
pilot characterization.

The target number of sample plots n was determined based on the operational capacity of the field team for single-season
multisensory surveying. The distribution among strata is carried out using proportional allocation by area (Cochran 1977):

ny = max(1, round(As / ZAy X n))

where nj, is the specific number of sampling plots obtained for stratum h, Ay, is the area of stratum h within the accessible
forest area in the study area, and LA, is the total area of all strata in the same area. The function max(1, ...) guarantees a
minimum of 1 SP for each stratum regardless of its area, ensuring coverage of all final strata. Larger strata receive
proportionally more SPs — the specific values of n, for each stratum are presented in the Results section.

Assessment of the representativeness of the sample
The representativeness of the stratified random sampling is assessed using two complementary approaches.

For the quantitative indicators (elevation, slope, CH), the two-sample Kolmogorov-Smirnov test (KS test) is applied, a
nonparametric method suitable when the distributions are not known in advance (Massey 1951; Cochran 1977). The test
statistic D is the maximum vertical distance between the empirical cumulative distributions of the sample and the
reference population:

D =max |[Fy(x) — F_N(x)|

where Fu(x) is the cumulative distribution in the n sample plots, and F_N(x) is the cumulative distribution of the reference
population. The ECDF of the sample is compared against a stratified reference population, defined as the 12 final strata,
each represented by its stratum mean value weighted by area in the accessible zone. By plotting the cumulative proportion
of observations below each value of the indicator, a small maximum vertical distance D between the two curves indicates
that the sample closely follows the distributional shape of the reference population. This approach is consistent with the
stratified random sampling design, which aims to represent strata-level distributions rather than individual subdivision-
level variability. If p > 0.05 (o = 0.05), the null hypothesis of homogeneity is not rejected — the two distributions are
considered statistically indistinguishable and the sample is deemed representative with respect to that indicator.

For categorical indicators (forest type, age class), the ¥ test is applied:



Xz =3 (O, - Ei)z / Ei

where O; is the observed frequency of category i in the sample, and E; is the expected frequency under proportional
representation. Spatial coverage is assessed by the average distance from the centroid of each forest subdivision to the
nearest SPs (Average Nearest Hub Distance in QGIS).

RESULTS
Structure of the Forest Fund

The integrated geospatial layer includes 1,174 polygons. The forests cover 770 subdivisions (1,234.6 ha, 57.9% of the
study area), unclassified forests cover 335 polygons (312.2 ha, 14.6%), and non-forested areas — 69 polygons (21.8 ha).
The remaining 563.8 ha include forest roads, clearings, and forest meadows.
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Figure 3. Tree species composition of the forest fund by effective area (from tree species 1 (DV1) to tree species 5
(DV5), forest management shapefile, Regional Forest Directorate Berkovitsa)

The tree species composition (Figure 3, Figure 4a, Table 1) is dominated by Quercus frainetto (394.7 ha, 25.4%) and
Quercus petraea (380.8 ha, 24.5%), followed by Carpinus orientalis (288.9 ha, 18.6%). Broadleaf species occupy 82.1%
of the area, conifers (Pinus sylvestris and Pinus nigra) occupy 13.5%, and mixed stands occupy 4.4%. In terms of stage
(Figure 4b), mature stands predominate (57.2%), followed by young stands (39.6%) and overmature stands (3.1%). The
classification was based on the relative proportion of species in the main canopy layer with a threshold of 70%.

Table 1. Tree species composition of the forest fund (effective area = area % proportion/10; DVI-DV5)

Effective Average Average Average
Tree species e () % of total | height H el rgs) diameter D Forest type
(m) gely (CMNE)

Quercus frainetto | 394.7 254 9.9 42 10.9 Broadleaf
Quercus petraca | 380.8 24.5 10.9 44 12.3 Broadleaf
Carpinus 288.9 18.6 4.9 45 3.7 Broadleaf
orientalis
Pinus sylvestris | 121.7 7.8 13.9 38 16.8 Coniferous
Quercus cerris 119.9 7.7 114 47 16.5 Broadleaf
Fagus sylvatica | 97.3 6.3 15.5 67 19.4 Broadleaf




Pinus nigra 75.7 4.9 13.4 38 18.2 Coniferous
Fraxinus ornus 23.7 1.5 8.1 39 8.6 Broadleaf
Carpinus betulus | 20.3 1.3 12.6 51 12.9 Broadleaf
Robinia 17.4 11 7.0 12 5.8 Broadleaf
pseudoacacia
Remaining 13.6 0.9 — — — —
Total 1554.0 100.0 — — — —
(a) Forest type (b) Age class
(1234.6 ha forest stands) (by dominant species age, DV1)
Overmature (>80 yrs)
Coniferous
(137.6 ha)
Mixed |
(45.0 ha)

Broadleaf
(837.3 ha)

Young (=40 yrs)
(489.3 ha)
39.6%

57.2%

Mature (41-80 yrs)
(706.6 ha)

Figure 4. Structure of the forest fund by forest type (a) and stand stage (b)

Topographic and structural characteristics

Analysis of the DEM (0.5 m/pixel; Horn 1981) shows a weighted average elevation of 455 m (range 288-977 m). The
dominant area is “Medium” (350-500 m), covering 827.4 ha (67.0%). The average slope is 19.6°, with moderate slopes
(15-30°) occupying 81.4%, gentle slopes (<15°) — 15.1%, and steep slopes (>30°) — 3.4%. The height of the canopy ranges
from 4.8 to 32.7 m (average 12.8 m); trees with high canopy (>10 m) account for 69.0% (Figure 5).
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Stratification scheme and layout of the sample plots

From the theoretical maximum of 162 combinations, 50 combinations exist in the real data (after a buffer of 40-800 m
and a filter area > 5000 m?). Of these, 26 have an area >10 ha in the accessible forest area in the study area (1019.8 ha)
and are preserved as a separate vector layer for comparative visualization. Subsequently, a generalization with a threshold
of >20 ha was applied (Cochran 1977; Westfall et al. 2011), which reduced the scheme to 12 final strata. The merging
follows a hierarchy of the following principle steps (PS): PS1 — preserving forest type, stage and CH, elevation is classified
to the “Medium” class; PS2 — preserving forest type and stage, transferring elevation and slope to the dominant
combination, with the CH class being preserved (High or Low) if there is a suitable target stratum; PS3 — the “Mixed
Forest” class with a small area is merged with “Broadleaf” while preserving the stage. Figure 6 and Table 2 show the
final distribution of the 12 generalized strata along with their corresponding sample plots.
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Figure 6. Final 12 strata and proportional allocation of sample plots (n - number of sample plots; buffer 40-800 m;
threshold >20 ha, Cochran 1977)

Table 2. Final stratification scheme and distribution of sample plots (Cochran 1977; Westfall et al., 2011)

ID* Stratum** Area (ha) % of total n SP ha/SP Forest type
STRO1 | BL Mat Med Mod HCH |272.4 26.7 7 38.9 Broadleaf
STR02 | BL You Med Mod HCH | 169.8 16.6 4 42.5 Broadleaf
STR03 | BL You Med Mod LCH |111.4 10.9 3 37.1 Broadleaf
STR04 | BL Mat Med Mod LCH | 98.1 9.6 2 49.1 Broadleaf
STRO5 | BL Mat High Mod HCH | 87.5 8.6 2 43.8 Broadleaf
STR06 | Con Mat Med Mod HCH | 59.2 5.8 1 59.2 Coniferous
STRO7 | Con_You Med Mod HCH | 54.8 5.4 1 54.8 Coniferous
STRO8 | BL Mat High Mod LCH | 46.7 4.6 1 46.7 Broadleaf
STR09 | Mix You Med Mod HCH | 45.0 4.4 1 45.0 Mixed
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STR10 | BL Mat Med Gen HCH | 30.0 2.9 1 30.0 Broadleaf
STR11 | Con Mat High Mod HCH | 23.6 23 1 23.6 Coniferous
STR12 | BL You Med Gen LCH |21.4 2.1 1 21.4 Broadleaf
NRF Naturally regenerated 312.2 — 2 — —
forest***
Total 1019.8 +312.2 100.0 27 — —

* ID: unique stratum identifier used in Figure 6, ** Strata abbreviations: BL = Broadleaf - Con = Coniferous - Mix =
Mixed ; Mat = Mature (41-80 yrs) - You = Young (<40 yrs) ; Med = Medium elevation (350-500 m) ; High = High
elevation (>500 m) ; Mod = Moderate slope (15-30°) ; Gen = Gentle slope (<15°) ; HCH = High Canopy Height (>10
m) ; LCH = Low/Medium Canopy Height (<10 m).

*** Naturally regenerated forest (312.2 ha): formerly agricultural land, now naturally regenerated with coppice forest
species; characterized using DEM, CH, and RGB orthophotos.

A total of 27 sample plots were established: 25 in the managed forest strata and two in the naturally regenerated forest.
The sampling intensity is 1.32% of the eligible area (1,019.8 ha) and 0.93% of the total surveyed forest area (1,458.3 ha),
corresponding to 1 sampling plot per 40.8 ha and 1 sampling plot per 54.0 ha. All SPs are located within 40-800 meters
of the forest road network, with a minimum distance of 40 meters from the boundary of the polygon and 120 meters
between neighboring SPs (Figure 7).
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Figure 7. Map of the spatial distribution of the 12 final strata and 27 sample plots (SPs) within the accessible forest
area of the study zone (1,019.8 ha; buffer 40-800 m from the forest road network). Strata IDs (STR0OI1-STR12)
correspond to Table 2. Yellow polygons — naturally regenerated forest areas (NRF, 312.2 ha). Red dots with yellow
outline — sample plots (n = 27; 25 managed forest SPs + 2 NRF SPs).



Assessment of representativeness

The results of the representativeness assessment are summarized in Table 3. The two-sample KS test shows D < 0.25 for
all three quantitative indicators at p > 0.05 (elevation: D = 0.230, p = 0.684; slope: D=0.187, p=0.876; CH: D =0.193,
p = 0.847), which means that the sample does not differ statistically from the stratified reference population on any of
these indicators.

Figure 8 shows the ECDF curves for elevation, slope, and CH. In all three panels, the sample plot curve (orange dashed
line) closely follows the stratified population curve (blue line) across the full range of values. The largest deviation for
elevation occurs in the medium elevation range (350-500 m), reflecting the dominance of the Medium elevation class in
both the stratified population (67.0%) and the sample. For slope, the curves are nearly identical across the moderate range
(15-30°), which accounts for 81.4% of the accessible forest area. The CH curves show the closest agreement, confirming
that the two CH classes (<10 m and >10 m) are proportionally represented in the sample.

The 2 test for forest type (x> = 0.062, ¥ crit = 5.991, df = 2) and for age class (3> = 0.041) confirms the proportional
representation of all categories. The minimum distance between SPs is 177 m (exceeding the threshold of 120 m), and
the spatial coverage of 6.74 x 4.98 km encompasses the entire test area.

Table 3. Results of the assessment of sample representativeness (o = 0.05)

Indicator / test Method Value Threshold (¢=0.05) Conclusion
KS test — elevation | Massey (1951) D=0.230,p=0.684 | p>0.05 Representative v/
KS test — slope Massey (1951) D=0.187,p=0.876 | p>0.05 Representative v/
KS test — CH Massey (1951) D=0.193, p=0.847 p>0.05 Representative v/
¥ test — forest type Cochran (1977) | y*=0.062 ¥2_crit=5.991 Representative v/
y? test — age class Cochran (1977) | y*=0.041 ¥2_crit=5.991 Representative v/
Min. distance SPs Spatial 177 m >120m Representative v/
Spatial coverage Nearest Hub 6.74 x 4.98 km ~7 x 3 km Covers the area v/
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Figure 8. Empirical Cumulative Distribution Functions (ECDF) for quantitative stratification indicators: (a) elevation,
(b) slope, (c) canopy height (CH). Two-sample Kolmogorov-Smirnov test: stratified reference population (12 strata,
area-weighted, n = 12) vs. sample plots (SPs, n = 25). The green arrow indicates the maximum deviation D between the



two ECDF curves. Elevation: D = 0.230, p = 0.684; Slope: D = 0.187, p = 0.876;, CH: D = 0.193, p = 0.847. All p-
values > 0.05 confirm that the null hypothesis of homogeneity is not rejected and the sample is representative across all
three indicators.

DISCUSSION

The developed GeoFireData methodology represents an integrated GIS approach for deriving a statistically representative
sample of sample plots in heterogeneous forest ecosystems. Stratification based on five criteria (forest type, stage,
elevation, slope, CH) provides multidimensional coverage of the key factors influencing the development of a
representative model of forest ecosystems, with an emphasis on the factors that carry the greatest weight in the modeling
and monitoring of wildfires.

The two-stage generalization — from 50 actual combinations to 26 significant strata (>10 ha), and then to 12 final strata
(>20 ha) — is methodologically justified. The threshold of >10 ha ensures that SPs of 0.5 ha are physically located with
the necessary buffers. The threshold of >20 ha ensures statistical stability of the estimates — for smaller strata with n =1
SPs, an intra-stratum estimate of the variance is not possible (Cochran 1977; Westfall et al. 2011). Preserving the 26-
strata scheme as a separate layer allows for the comparative visualization and documentation of the area’s spatial
heterogeneity.

The correction of the forest type algorithm — from checking only DV1 to calculating the relative participation (threshold
>70%) of coniferous and broadleaf species in the first floor (dominant) — led to a more accurate classification, in which
coniferous and mixed strata received correct representation. Applying a buffer of 40 m (= r of the SPs) from the polygon
boundary is a physically justified necessary boundary — it guarantees complete inclusion of the circle r = 40 m within the
stratum boundaries. The upper limit of 800 m provides accessibility for a field team with UAV-LiDAR, SLAM scanner
and forest inventory equipment.

The intensity of 1.32% relative to the allowable area is within accepted practice for detailed UAV-LiDAR surveys
(Cochran 1977; Dalla Corte et al. 2022). The assessment of representativeness using the KS test, ¢ test and spatial analysis
confirms that the 27 SPs representatively cover the variability of the region across all stratification indicators.

An important methodological limitation is the exclusion of crown density from the stratification criteria. Accurate
measurement requires UAV-LiDAR data with high point density (>100 points/m?), which will be generated in the next
phase. The naturally regenerated forest areas (312.2 ha) are characterized solely by remote sensing indicators — sufficient
for the pilot phase, but requiring verification of the forest structure in future stages.

CONCLUSION

This study presents the methodology and results of the first (preparatory) phase of the GeoFireData project, as applied to
the “Vratsa Balkan” study area. An integrated geospatial layer comprising of 1,174 polygons has been developed,
combining forest management attributes with topographic indicators derived from DEM and CH through spatial analyses
in a GIS environment. Forest type is classified based on the relative proportion of species in the main canopy layer
(threshold >70%).

The stratification scheme was developed in two steps: 50 actual combinations — 26 significant strata (>10 ha, 1,019.8
ha) — 12 final strata (>20 ha) based on five criteria. The proportional allocation designates 27 sample plots (25 managed
forests + 2 naturally regenerated forests, 0.5 ha each) with an intensity of 1.32% relative to the eligible area.
Representativeness was verified using the two-sample KS test (D < 0.25 for elevation, slope and CH), the y* test (¥* <
0.07 for forest type and stage), and spatial analysis of cover.

In the next stages of GeoFireData, the selected SPs will be characterized by UAV-LIiDAR (>100 points/m?), SLAM
scanning (ground fuel), multispectral UAV imaging (NDVI, NDWI, LFMC), and a complete inventory of the sample
plots. The integration of the data will allow verification of the forest fire simulation using the Anderson (1982) and Scott-
Burgan (Scott and Burgan 2005) classifications.
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