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Abstract

The thesis develops and evaluates Random Forest (RF) machine learning classification
framework for detecting clear-cut forest felling events in Sentinel-2 multispectral satellite data.
While RF classification has been widely used for forest monitoring studies, its performance
assessments for operational clear-cut detection under Latvian forests remains insufficiently
studied. Model training was conducted using four study areas within Latvian State Forests
districts. For each study area, cloud-masked Sentinel-2 scene was selected to represent pre-
felling (2018) and post-felling (2024) conditions, resulting in a multi-temporal datasets with
acquisition dates varied between study areas. Median spectral reflectance features were derived
using historical felling records. Model evaluation included two testing methods: internal testing
on the training areas to assess performance on data seen by RF model during training (self-
testing) and testing on a separate, fifth forest district, which was not used in the model training.
Metrics such as overall accuracy, user accuracy (precision), producer accuracy (recall) and F1

score (balanced measure of precision and recall) were calculated to assess model performance.

Results indicated that the model classifications achieved over 70 % user and producer
accuracies in an unseen area by the model, with overall accuracy exceeding 95 %. The analysis
included an evaluation of the contribution of individual Sentinel-2 bands. Spectral bands in the
visible and shortwave infrared regions were identified as the most important for distinguishing
felled and non-felled forest compartments. The analysis included addition of vegetation
indices, which increased accuracies by 1-4 %. Misclassifications were primarily associated

with sanitary fellings and cloud-affected pixels.

The results of this thesis show that an RF model trained on Sentinel-2 data is capable of
detecting clear-cut felling events in Latvian forests. The study highlights the importance of
spectral band selection, vegetation indices and robust model validation, providing additional

capabilities in forest monitoring in semi-boreal regions.
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Kopsavilkums

Magistra darba mérkis bija izpetit Random Forest (RF) masinmacisanas algoritma potencialu
noteikt galvenas cirtes Sentinel-2 satelituznémumos. P&tljuma tika analiz&ta algoritma sp&ja
atSkirt galvenas cirtes no nenocirstajam teritorijam Latvija, balstoties uz talizpétes datiem.
Modela apmacibai tika izmantotas Cetras paraugteritorijas, Latvijas valsts mezu iecirkni,
iegiistot mediano spektralo statistiku no veésturiskajiem cirsmu datiem pirms (2018.g.) un péc
cirSanas (2024.g.). Modela novértéSana ietvéra gan pasparbaudi apmacibu teritorijas, gan
valideésanu atseviska, piektaja meza iecirkni, kas netika izmantots modela apmaciSana. Lai

novertétu modela veiktsp€ju, tika pielietotas vairakas precizitates, tostarp F1 raditajs.

Modela rezultati sasniedza vairak neka 70 % precizitati cirsmu un necirsto meza nogabalu
klasificeSana, savukart kopgja klasific€Sanas precizitate parsniedza 95 %. Analize tika izvertéta
Sentinel-2 spektralo joslu nozime. Redzamas un isvilnu infrasarkana spektra joslas tika
identificetas ka vissvarigakas, lai atSkirtu nocirstas un nenocirstas meza teritorijas. Analize tika
icklauta ari vegetacijas indeksu izmantoSana, kas nodroSindja papildu precizitates
uzlabojumus. Modela kliidu iemesli galvenokart tika saistiti ar sanitarajam cirsmam un makonu

ietekmétajiem pikseliem.

Darba rezultati liecina, ka RF modelis, apmacits uz Sentinel-2 datiem, ir sp&jigs identificét
galvenas cirtes Latvijas mezos. P&tjjuma tika uzsveérta spektralo joslu izvéle, vegetacijas
indeksu izmantoSana un validéSana modelim nezinama teritorija, sniedzot papildu iespgjas

meza monitoringa veikSanai teritorijas, kur sastopami gan skujkoki, gan lapu koki.
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1. Introduction

The forest is a key element of the Latvian landscape and natural environment. In 2025 forest
land covered around 3.3 million hectares, including both state-owned and privately owned
forests, accounting for 51% of the country’s territory (Latvian Forest Development Fund,
2025). Latvia’s forests are diverse, with variations in species composition, structure and
distribution across different regions. Pine and spruce species dominate the forests, covering
more than a half of the total forested area (Laivins, 2018). Given the extent of forested land,
effective monitoring of forest felling is essential for sustainable forest management, as it
enables informed decision-making and supports the tactical planning of forestry activities

across large and often remote areas.

Latvian state forest management planning operates at three levels: long-term, tactical, and

spatial (activity) levels (Latvian State Forests, 2024):

e Long-term planning focuses on strategic objectives, such as ensuring a sustainable
supply of wood products for the national economy.

e Tactical planning involves determining wood extraction volumes, road reconstruction,
and other mid-term operational goals.

e Spatial (activity) planning addresses site-specific activities at the operational level, for

example, felling activities.

Forest logging is a key component of sustainable forest ecosystem management and planning.
Although logging operations in Latvia are typically well-documented through forest inventory
data and detailed harvester records, these sources do not fully capture all historical logging
activities. Remote sensing data can help identify undocumented logging operations and provide
automated, repeatable and timely detection of forest cover changes in future. To complement
existing datasets and improve the scalability of forest monitoring systems, there is increasing
interest in leveraging remote sensing and machine learning (ML) to detect and map felling
events directly from satellite imagery. Sentinel-2, with its high spatial and temporal resolution
and open-access, presents a valuable data source for this purpose. By applying advanced ML
models to Sentinel-2 data, this research demonstrates how satellite-based monitoring can
support verification of reported harvesting activities, improve transparency, and enhance large-

scale forest management and planning.



Sentinel-2 satellite data, widely recognized for its high-resolution optical imagery, is
increasingly adopted in vegetation-related applications, including land cover mapping,
vegetation condition monitoring and disturbance detection (Lewinska et al., 2024).
Multispectral Sentinel-2 satellite system holds great potential due to its high spatial resolution
up to 10m, 13 spectral bands spanning the visible, near-infrared (NIR), and shortwave infrared
(SWIR) regions and its short revisit time of less than 5 days in Europe. Sentinel-2 data have
demonstrated strong potential for multiple forest management tasks, such as mapping different

forest attributes and dynamics at large spatial scales (Fassnacht et al., 2024).

With the advancements in artificial intelligence (AI) techniques, particularly ML, the ability to
detect forest parameters has become more precise and effective. The integration of Sentinel-2
data with Geographic Information Systems (GIS) and ML algorithms offers promising
opportunities for the remote identification of forest management activities. However, the
performance of these methods still requires validation under specific operational conditions,

which motivates this study.

One of the widely used ML algorithms in remote sensing is Random Forest (RF) classifier
introduced earlier. It is a supervised ML classifier that has been used in different remote sensing
solutions, for example, to reduce the number of dimensions of hyperspectral data or identify

the most relevant multisource remote sensing and geographic data (Belgiu & Drigut, 2016).

While this algorithm demonstrated high accuracy in different remote sensing studies, most
applications have focused on specific vegetation types or regions outside Latvia, highlighting
a research shortage in the application of RF to local forest management. In Latvia, several
attempts have been made to monitor forest conditions using Sentinel data, such as detecting
tree cuts in Sentinel-1 data (Cimdins, 2018), biomass growth and carbon balance modelling
(Silava, 2025) and identifications of potential damages in spruce stands caused by bark beetles
(Latvian state forests, 2025). Despite these efforts, studies applying RF specifically for

operational forest management in Latvia remain limited.

Another reason for this study is that traditional forest inventory and historical logging records,
especially in private forest sector, have failed to capture all past felling activities. In some cases,
large forest companies that purchase forest areas from private owners may not know when or
how extensive previous felling operations were. Therefore, accurate information on past felling

activities is needed for effective forest management and planning.



The main goal of this project is to apply a functional ML algorithm that can identify clear-cut
forest felling events from Sentinel-2 imagery, which can help improve forest management and
planning. The study will focus on Latvia, with model training conducted on four reference
areas within Latvian State Forest districts, selected for their rich training data. The research
integrates Sentinel-2 satellite data, historical forest felling records, and machine learning
techniques within a GIS-based processing environment. The Random Forest algorithm is
employed to classify felling events based on spectral information derived from Sentinel-2
bands. By assessing the contribution of individual spectral bands and additional vegetation
indices, the study aims to improve the accuracy and reliability of remote sensing-based forest

disturbance detection.
Specific research questions are:

e How do different Sentinel-2 bands influence the performance of mapping felling
events?

e How effectively can Random Forest algorithm map fells using Sentinel-2 data across
forest districts with different species compositions?

e What are the sources of misclassification when the model is applied to unseen forest
area?

e  Which vegetation indices can be used for fell mapping, considering the most effective

Sentinel-2 bands for this activity?






2. Theoretical background

2.1. Remote sensing for forest management

Remote sensing has become a central technology in the scientific field of forestry and is also
increasingly used in an operational applications (Fassnacht et al., 2024). It is one of the key
data sources to fill existing forest management information gaps, particularly in many
developing countries. Information retrieved through remote sensing, especially through space
and airborne acquisition methods, can offer a synoptic view over large or inaccessible areas
(Calders, et al., 2020). One of the advantages of remote sensing data is its ability to provide
up-to-date information with short revisit time. Up-to-date information on the current status of
forests is not only needed for monitoring and operational planning purposes, but also forms a

basis for future management planning and policy formulation (Minunno, et al., 2025).

Remote sensing technology can identify, detect, discriminate, classify, evaluate and measure

several forest parameters using two approaches:

e (Qualitative analysis (mapping and classification of forest cover types, disturbances,
vegetation health, etc.);

e Quantitative analysis (measures the statistical or estimated forest parameters involving
biophysical and biochemical parameters like pigments, tree height, diameter, biomass,

carbon, basal area, tree density, etc.) (Pandey & Arellano, 2022).

Within forest ecology and management, variables of these analyses are critical for
understanding forest ecosystem functions and processes, as well as classifying forests into
specific communities, ecosystems, and biomes. In forestry applications, remote-sensing
measurements supports forest inventory management by estimating the number of trees per
unit area, basal area and timber value (Lechner, et al., 2020). For forest monitoring, species
mapping (Francini et al., 2024), forest cover change (Mikeladze et al., 2020) and other variable
detection from remote sensing data is important for understanding ecosystem dynamics and
anthropogenic impacts in both the short term and long term. From the day-to-day management
perspective, monitoring forest change is critical for determining potential risks such as fire

hazard due to fuel loads and overall forest health (Lechner, et al., 2020).

In recent years, satellite-based monitoring with year-on-year attribute depictions or
characterization of change, have become increasingly common. A great deal of recent

applications in remote sensing of forests are focused on using satellite data (such as from
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Landsat or Sentinel-2) to map forest attributes and dynamics in a spatially explicit fashion over
large areas at an annual time step. Open access to remotely sensed data has been shown to
broaden the use of a given dataset, but also to improve outcomes, and enable programmatic use
of imagery. Over the past 20-30 years, there has been a significant increase in the use of
remotely sensed data from airborne sensors, satellites, and drones to create pixel-based
prediction maps of various forest attributes across a wide range of geographical scales and for
multiple purposes (Fassnacht et al., 2024). Multispectral imagery data from satellite platforms
can be used to scale local forest resource models to larger, regional extents (Massey et al.,
2023). Identifying the optimal spatial resolution and level of spatial aggregation, for example,
compartment-based classification for such classification maps can improve the effectiveness

of forest classification estimates (Nelson et al., 2009).

However, the operational application of remote sensing for forest management is not without
challenges. Persistent cloud cover and seasonal effects can substantially reduce the availability
of usable imagery (Molnar & Kirdly, 2024). In addition, the complex phenology of forests,
varied species compositions and gradients in structural complexity can produce highly variable
spectral responses and mixed pixels, complicating classification tasks. Various topographic
situations can effect sun-sensor geometries, adding more uncertainty into multi-temporal
analyses (Schiller et al., 2024). Together, these factors increase the difficulty of producing

consistent, high-quality products of remote sensing data.

2.2. Sentinel-2 data for forest monitoring

Sentinel-2 is a multispectral satellite mission launched in 2015 as part of the European
Copernicus Programme. Sentinel-2 has 13 spectral bands, including 4 in the visible range, 4 in
the red-edge/NIR range, 2 in the SWIR range and 3 atmospheric correction bands, with spatial
resolutions of 10, 20, and 60 meters (Table 1). It consists of three multispectral satellites
(Sentinel-2A, Sentinel-2B and Sentinel-2C), providing complete survey of the earth
approximately every five days. Sentinel-2 is mainly used for agricultural applications for
instance crop monitoring and management, vegetation and forest monitoring, land cover
change monitoring for environmental monitoring, observation of coastal areas and others (Pour
et al., 2023). Various studies have explored the use of Sentinel-2 in forest applications, such as
mapping different forest parameters, for example, forest species (Francini et al., 2024),

monitoring forest disturbances (Schiller et al., 2024, Slagter et al., 2023) and monitoring forest



fires, fire severity assessment (Sobrino et al., 2024). Moreover, Sentinel-2 data has been
extensively used for analyzing forest canopy structure, including canopy closure which are

essential for assessing forest health and productivity (Mikeladze et al., 2020).

Table. 1. Sentinel-2 spectral bands and characteristics (Pelc-Mieczkowska, 2021).

Sentinel-2 band Central wavelength (nm) Resolution (m)
Band 1 (Coastal aerosol) 443 60
Band 2 (Blue) 490 10
Band 3 (Green) 560 10
Band 4 (Red) 665 10
Band 5 (Vegetation Red-edge 1) 705 20
Band 6 (Vegetation Red-edge 2) 740 20
Band 7 (Vegetation Red-edge) 783 20
Band 8 (Near-InfraRed) 842 10
Band 8A (Near-InfraRed 865 20
narrow)

Band 9 (Water vapour) 945 60
Band 10 (Cirrus detection) 1375 60
Band 11 (SWIR 1) 1610 20
Band 12 (SWIR 2) 2190 20

The importance of specific Sentinel-2 bands typically depends on the application, as different
bands provide unique information relevant to various monitoring objectives. A study on tree
species classification identified the SWIR (band 11 and band 12), red-edge 1 (band 5), and two
visible bands (band 2 and band 4) as the most important. Similarly, band 2, band 5 and band
11 were also found to be important in crop classification (Immitzer et al., 2016). Additionally,
red-edge bands (band 5, band 6, band 7) in Sentinel-2 may offer more accurate and effective
land cover classification capabilities in boreal landscapes compared to conventional vegetation
indices (Abdi, 2019). In terms of felling detection, several Sentinel-2 spectral bands have
shown strong potential for detecting forest felling due to their sensitivity to changes in
vegetation structure and health. Band 12 (SWIR 2) is particularly responsive to moisture
content and canopy structure, making it useful for identifying disturbances caused by tree

removal. Notable shifts in its reflectance values often indicate recent felling activity. Similarly,



bands 4 (red) and 8 (NIR) are highly effective in detecting vegetation loss, as felling typically
results in a marked decrease in NIR reflectance due to the removal of healthy vegetation. Band
3 (green), which reflects strongly from healthy vegetation, also contributes to overall forest
monitoring. Additionally, previous studies have emphasized the value of bands 3, 8, and 12 in
modeling canopy closure (Mikeladze et al., 2020), a key indicator for felling detection, as tree

harvesting significantly impacts canopy density and openness.

2.3. Forest felling practices in Latvia

Latvia's forestry sector employs a variety of felling methods, each serving specific forest

management objectives. The main types of forest felling include:
e Thinning

Thinning is carried out during the forest stand development cycle to change the species
composition and improve growth conditions for the remaining trees. It begins with pre-
commercial thinning in young stands, especially when fast-growing species begin to
outcompete target species. Thinning ensures an optimal species mix and provides adequate

growing space for selected trees, promoting healthier and more productive forests.
e Main felling

Main felling is applied once a stand reaches the maturity age or diameter thresholds defined by
forest law. One method of main felling is clear-cutting, where the entire stand is harvested in a
single operation. By law, areas after clear-cutting must be regenerated through planting,
seeding, or natural regeneration. The maximum allowable area for a clear-cut depends on the

forest type and is limited to 2 or 5 hectares.
e Sanitary felling

This type of felling targets trees that have lost their vitality due to wind, snow, fire damage,
pests, or disease. Even if the stand has not yet reached final felling criteria, sanitary felling is
used to remove dead or weakened trees, helping to prevent the spread of damage and maintain

forest health.



e Reconstructive felling

Reconstructive felling is carried out in unproductive stands, as defined by regulations. This
includes stands with basal areas below critical thresholds or young stands (under 6 meters in
height) where over 60% of trees are damaged by animals, pests, or diseases. It also applies to
mature pine, spruce, or birch stands over 40 years old—or pine stands over 70 years old—
where more than 40% of the growing stock consists of low-value species such as aspen, grey

alder, or willow.
e Landscape felling

Landscape felling is used to improve scenic views by revealing landscape features, cultural
heritage sites, or natural landmarks. This type of felling can only be performed if included in a
forest management plan, a nature protection plan for specially protected areas, or approved by

a landscape architect (Rozentals, et al., 2017).

In 2023, over 165 thousand hectares of forest were felled in Latvia. The largest areas were
affected by main felling (>58 000 ha), thinning (>49 000 ha), and sanitary felling (>47 000 ha)
(Figure 1). In terms of felled volume, main felling accounted for the largest share, with 14.2
million m?, followed by sanitary felling, with 2.6 million m* (Figure 2). This highlights the
characteristics of each felling type: although the felled areas for main, thinning, and sanitary

felling are relatively similar, the volumes of harvested wood differ significantly.

Different felling types can be challenging to detect using remote sensing data. For example,
main fellings may also be performed in stages, known as shelterwood felling, or selectively,
known as selective cutting, where only part of the stand is harvested periodically (Rozentals,
et al., 2017). In compartment-based classification it can create totally different reflectance
values in the same compartment. Furthermore, because varying degrees of canopy removal
occur across all felling types, the resulting spectral responses may be similar, leading to overlap

in reflectance changes between different felling types.
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Figure 1. Felling area indicated in tree felling license by type of felling, year 2023 (Central
Statistical Bureau of Latvia, 2024).
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Figure 2. Felling stock volume indicated in tree felling license by type of felling, year 2023
(Central Statistical Bureau of Latvia, 2024).
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2.4. Machine learning techniques in remote sensing-based forest analysis

Machine learning (ML) is a subdivision of Al in which the machine learns from machine-
readable data and information. It uses data, learns the pattern and predicts the new outcomes.
Its popularity is growing because it helps to understand the trend and provides a solution that
can be either a model or a product (Upreti, 2022). There are four types of ML approaches
(Table 2):

Table. 2. Machine learning algorithm types (SAS, 2025).

Machine learning Description Examples of algorithms

algorithm type

Supervised Predicts a class/category, based on a | Random Forest, Support
given set of features, using Vector Machine, Decision
probability. Trees, k-Nearest Neighbor.

Unsupervised Categorize unlabeled data, i.e. data K-means, Principal

without defined categories or groups. | Component Analysis (PCA).

Semi-supervised Uses both supervised and Graph-based methods, self -

unsupervised learning. training, neural networks.
Reinforcement Focuses on regimented learning Q-learning, Deep Q
learning processes, where a machine learning | Networks.

algorithm is provided with a set of

actions, parameters and end values.

Among the different ML approaches, supervised learning is especially effective for satellite
image classification tasks. Within this category, the RF algorithm stands out as one of the most
commonly applied techniques in remote sensing. The popularity of this algorithm is due to the
fact that it can be used for both classification and regression purposes, and thus can be used
with categorical and continuous variables (Abdi, 2019). It has been the most popular machine
algorithm to link remote sensing data to forest structural attributes, such as forest aboveground
biomass, canopy cover, forest fire susceptibility (Calders, et al., 2020) or doing forest species

classification tasks and object-oriented mapping (Abdi, 2019).
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Compared to other machine learning classifiers, the RF algorithm demonstrates notable

strengths for remote sensing tasks:

Studies have shown that Support Vector Machine, RF, and k-Nearest Neighbor
classifiers can achieve similarly high overall accuracies. However, RF tends to be
preferable when training data are balanced or when larger sample sizes are available
(Noi & Kappas, 2017);

RF performs well with high-dimensional input data, while other classifiers often
struggle with dimensionality and highly correlated variables (Belgiu & Dragut, 2016);
RF is a robust classifier even under low levels of class label noise, thanks to its bootstrap
sampling and random feature selection during tree construction (Pelletier et al., 2017).
It does not need temporal preprocessing like neural networks, as it can directly classify
per-pixel data without temporal dependence (Belgiu & Dragut, 2016);

Compared to deep learning approaches, RF has the advantage of requiring less labeled
training data. Deep learning models often risk overfitting and poor generalization when
labeled data are limited. While deep learning is widely used for natural image
classification, remote sensing data are more complex due to the variety of sensors
involved. Deep learning requires designing network architectures specifically suited for
remote sensing image classification (Yang et al., 2018), while RF can be applied

directly with minimal parameter tuning (Pelletier et al., 2017).

2.5. Vegetation indices used for forest monitoring and classification

Vegetation indices are mathematical combinations of spectral bands designed to identify the

state of vegetation. Their values are obtained from appropriate combinations of reflectance

measured in individual spectral bands (Pelc-Mieczkowska, 2021). To track vegetation state in

satellite images, different types of indices can be used (Manjunath et al., 2014):

Structural indices

Structural indices primarily capture information about canopy structure and vegetation density.
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Table 3. Examples of structure-oriented vegetation indices.

Index

Formula (Sentinel-2)

Description

Normalized Difference

Estimates the photosynthetic activity by

a combination of Red and Near Infrared

. (BO8- .
Vegetation Index bands that are generally conditioned by
B04)/(B08+B04) '
(NDVI) the presence of chlorophyll (Spadoni et
al., 2020).
_ . Derived from NDVI, SAVI index is
Soil Adjusted o .
) 1.5*((B08- focused on minimizing impact of soil
Vegetation Index _ _ _
(SAVD) B04)/(B08+B04+0.5)) | optical properties on vegetation
reflectance (Huete, 1988).
Developed to optimize the vegetation
signal with improved sensitivity in high
| 2.5%((BOS- | T
Enhanced Vegetation biomass regions. This version of index
B04)/(B08+2.4 o
Index (EVI2) removes blue band from the original
*B04+1))

EVI formula to simplify calculation

(Zhangyan et al., 2008).

e Chlorophyl/pigment indices

Pigmentation-oriented indices primarily measure

activity (Table 4).

chlorophyll content and photosynthetic

Table 4. Examples of pigment-oriented vegetation indices.

Index

Formula (Sentinel-2)

Description

Structure Intensive

(B08-B01)/(B08-B04)

Designed to assess carotenoid to
chlorophyll ratio from leaf spectral

reflectance while minimizing effects of

Pigment Index (SIPI)
the surface and leaf internal mesophyll
structure (Penuelas et al., 1995).
Visible (B03-B04)/(B03+B04- | Calculated using only visible spectrum
Atmospherically B02) bands designed to reduce atmospheric
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Resistant Index

effects and enhance sensitivity to

(VARI) vegetation cover (Gitelson et al., 2002).
Estimates the chlorophyll content of
Red Edge leaves by utilizing the high sensitivity of
Chlorophyll Index (B08/B06)-1 the red-edge spectral region to
(RECI) chlorophyll concentration (Clevers &

Gitelson, 2013).

e Water sensitive indices

Water sensitive indices detects changes in water content or moisture in plants or soil (Table 5).

Table 5. Examples of water sensitive vegetation indices.

Index Formula (Sentinel-2) Description
Used to assess vegetation liquid water
content using near-infrared and
Normalized _ _
) ) shortwave infrared reflectance, offering
Difference Moisture | (B08-B11)/(B08+B11)
reduced atmospheric sensitivity and
Index (NDMI)

vegetation water status information

complementary to NDVI (Gao, 1996).

Moisture Stress Index

Calculated as the ratio of a SWIR to a

Difference Water
Index (NDWI)

(B03-B08)/(B03+B08)

(MSD) B11/B08 NIR band, which can detect changes in
leaf water content (Hunt & Rock, 1989).
Normalized Uses green and near-infrared bands to

highlight differences in water content of

water bodies (Gao, 1996).
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3. Methods and material

3.1. Study areas

Study areas for this research were selected in Latvia, a country where forestry holds a central
role in economy with forests covering more than a half of the national territory. Latvian forestry
companies, particularly the Latvian State Forests (LSF) have shown growing interest in
leveraging remote sensing data and analysis for operational planning and forest change
detection. Studies performing these methods for Latvian forest management are still limited,

and such data are essential to make forest monitoring faster, cheaper, more precise and scalable.

As part of the research, the selection of the study areas under investigation played an important

role. To ensure comprehensive geographic coverage and meaningful analysis, forest districts

were chosen based on geographic diversity across Latvia and the number of clear-cut felling

conducted between 2019 and 2024 (Figure 3).

[ study areas

I Latvian state forests ; m;r:jigtsr&strlct
Il State cities 3. Skaistkalne district
Rivers 4. Akniste district 0 25
5. Pededze district L

— Roads

Figure 3. Locations of study areas (Produced by author using LVM GEO, 2025 and
Envirotech, 2021 data).
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The study areas are districts within the LSF that rank among the highest in terms of felling

activity:

e Mersrags District — Located in the western part of Latvia, the district covers 62 235 ha
and comprises 17 931 forest compartments. The district recorded the highest number
of clear-cuts (1221) between years 2019 and 2024. It lies along the coast of the Gulf of
Riga and is the closest district to the Baltic Sea, with forests predominantly composed
of pine (52 % of forest compartments have pine as main species) adapted to coastal and
sandy soils. Additional species like birch covers 22 % and spruce 19 % of total district
compartments.

e Misa District — Located in the central part of the country, district covers 46 082 ha with
11 770 forest compartments and ranks eighth with 1011 clear-cuts. The district is
characterized by a mixed-use landscape, combining productive agricultural land and
managed forests, moderate continental climate and fertile soils. Dominant tree species
are pine (55 %). Spruce, birch and black alder each cover more than 10 % of district
compartments.

e Skaistkalne District — Located in central/southern Latvia, district covers 69 857 ha with
17 221 forest compartments and ranks fourth with 1049 clear-cuts. District is known
for flat terrain and fertile soils, includes parts of large forest massifs of Sélija region.
Dominant tree species are pine (56 %), birch (20%) and spruce (14 %).

e Akniste District — Representing the southern region of Latvia, it is the largest of selected
districts with area 86 357 ha and 15 606 forest compartments. District ranks second in
clear-cuts (1078). The area has a more continental climate, varied terrain and diverse
forest types like mix of coniferous and broadleaf species. In this district pine
compartments covers only 22 % of total district area. 29 % covers birch, 22 % spruce
and 8 % aspen compartments

e Pededze District — Located in the eastern Vidzeme Upland, district covers 71 695 ha
with 15 499 forest compartments and recorded the twelfth highest number of clear-cuts
(969). District is known for its cooler climate, hilly terrain and extensive forest cover.

Dominant tree species are birch (30 %), pine (29 %) and spruce (23 %).

Fellings of Mérsrags, Akniste, Misa and Pededze districts were used in model training and self-
model testing. The Skaistkalne district served as independent evaluation area — a forest district

that was not included in the training dataset - therefore not seen by the RF model during
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training, and thereby providing information on the transferability of the model. This district

was used for model performance statistical measurement assessment.

3.2. Data

e Sentinel-2 data

Sentinel-2 Level-2A surface reflectance imagery was used to extract spectral information for
the analysis (Table 6). Sentinel-2 scenes for the years 2018 (image before felling activity) and
2024 (image after felling activity) were queried and filtered by spatial extent (based on
predefined district polygons) and temporal range (May to September) using the Earth Search
STAC API. Only scenes with cloud cover less than 5% were used to ensure high data quality.
Multiple partially overlapping scenes were mosaicked to provide seamless coverage when no
single scene could completely cover the area of interest. The Scene Classification Layer (SCL),
which was used to mask low-quality pixels like clouds and shadows, were used along with
spectral bands to ensure only clear-sky observations are used for image analysis. Bilinear
interpolation was used to resample all bands to a resolution of 10 meters. Bands 1, 9 and 10

were excluded from analysis as they are not typically used for surface reflectance analysis.

Table. 6. Sentinel-2 imagery acquisition details by forest district.

Forest district Year Acquisition date Cloud cover, %
2018 2018-08-23 0.0422
Mersrags
2024 2024-05-21 0.0009
2018 2018-08-01 0.0005
Misa
2024 2024-05-21 0.3677
2018 2018-05-12 0.0107
Skaistkalne
2024 2024-06-27 0.2361
2018 2018-08-23 0.0082
Akniste
2024 2024-06-27 0.1955
2018 2018-05-12 0.0056
Pededze
2024 2024-06-27 0.1011
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e Data of Latvian State Forests

Data on fellings of Latvian State Forests were primary information source for the analysis. Data
was acquired in GDB format (Geodatabase file format used in ESRI GIS software) and filtered
out to include only completed felling operations performed between 2019 and 2024, while
excluding felling that occurred after the acquisition date of the 2024 Sentinel-2 imagery. In this
research, only fells classified as main fellings were analyzed as this type is best suited for
Sentinel-2 reflectance analysis, because most of the forest trees are cut. In practice, these
fellings correspond to clear-cuts, with over 99 % of selected main fellings involve harvesting

the entire stand.

To acquire forest district data, Latvian State Forests open-source spatial data in SHP format
were used (LVM GEO, 2025). Also, open-source forest compartment data were used to provide
non-felled data to training and test data to fells modelling. Forest compartments, which were
not intersected by clear-cut felling polygons were labeled as non-fells class. When combined
non-fells and fells datasets into RF classifier, algorithm learned the spectral and structural
differences between felled and unfelled compartments. Data on dominant tree species for each

compartment were used to evaluate the performance of RF model.

3.3. Methods description

All data processing, modelling and analysis were implemented using the Python programming
language to avoid manual work, to ensure reproducibility and to enable analysis for geographic
areas outside of training dataset. Geospatial libraries like arcpy and geopandas were used in
spatial data processing and model assessment in the evaluation area. RF modelling and
evaluation metric analysis were performed by sklearn library. Additional libraries like
pystac_client for Sentinel-2 data download and matplotlib were used for visual representation

of results. The ArcGIS Pro environment was used for spatial data visualization tasks.
e Spatial data processing

Model training data were compiled from clear-cut felling events recorded between 2019 and
2024 and rest of study areas forest compartments where no felling took place. Training data
were used to create a RF classification model, which aims to identify areas affected by clear-

cut forest felling based on changes of spectral signatures in Sentinel-2 imagery.
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Sentinel-2 imagery were obtained for two periods: a reference year before the clear-cut activity
(2018) and after clear-cut period (after May of 2024). The raster datasets were processed by
individual Sentinel-2 band and clipped to study areas. If multiple imageries were overlapping
in study areas, image with less cloud cover were used. Raster datasets of reflectance difference

were created based on formula:

diff raster = ((band_reflectance 2024 — band_reflectance 2018) / band_reflectance 2018 *
100)

These raster datasets represented percentage change in reflectance for each Sentinel-2 band

(Figure 4).

Using ArcGIS geoprocessing tool Zonal Statistics as Table, median values of reflectance
difference were calculated for each Sentinel-2 band. According to SCL Sentinel-2 pixels,
which were affected by clouds, were not used in analysis. The median method was used to
reduce the effects of extreme reflectance values from pixels near clouds that were not masked
using SCL layer. The resulting layer of each study area was represented as a forest compartment
layer, which contained the median percentage differences in reflectance values of Sentinel-2
bands from before and after felling. A label field was added, in which the value of 1 indicated

the presence of clear-cut activity, while 0 indicated no clear-cut activity.

Year 2018 Year 2024 Difference

— Reflection value
change (Band 4)
%

Il < -100
-75 to -100
-50 to -75
-25 to -50
I 0 to -25
0to 25
25 to 50
I 50 to 75
. > 100

Figure 4. Red visible band (band 4) reflectance change (%) based on Sentinel-2 Imagery from
2018 to 2024.
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e Random forest classification

The RF algorithm was used to determine the significance of different Sentinel-2 spectral bands
in detecting felling activities across different Sentinel-2 images. The classifier was trained
using 80/20 train-test split as this proportion represents the average used in similar analysis,
typically between 70/30 and 90/10 (Immitzer et al., 2016, Mohammadpour et al., 2022). As
input data had imbalance between fells and non-fells (forest compartments), class weights were
applied based on the ratio of clear-cut and non-felled forest compartment count. Input data
consisted of forest compartments of Mérsrags, Akniste, Misa and Pededze districts and were
evaluated on the testing subset, which was randomly selected from the overall dataset. The RF
model dataset included a total of 4 046 fells and 41 056 compartments. With a felling ratio of
1:9, class weights were applied to address class imbalance. By giving class weights, it is
ensured that the model gives appropriate attention to minority classes (fells). The metrics
included accuracy of positive predictions (precision), a confusion matrix and a classification
report with different parameters (Table 7). Permutation-based feature importance was applied
using the implementation available in the scikit-learn library. This method estimates the
importance of each predictor variable by randomly permuting its values and measuring the
resulting decrease in model performance. In this study, permutation importance was calculated
on the independent test subset (20% of the data) rather than on the training data. This ensures
that feature importance reflects the model’s generalization performance rather than its ability
to fit the training data. Feature importance analysis was used to evaluate how much the model
relies on such particular feature, in this case Sentinel-2 band. The resulting importance scores
reflect which spectral bands affected the model’s accuracy, and helped to inform which bands

are the most important in such a classification task.

Table 7. Description of Random Forest classification report metrics.

(ESRI, 2025; SOCR, 2025; Scikit-learn developers, 2025).

Parameter name Description
User accuracy Measures errors of commission, where pixels are misclassified as a
(Precision) known class when they should have been classified as different class,

Values ranges from 0 (worst) to 1 (best).

Producer accuracy | Measures false negatives, indicating how well the classification results
(Recall) align with expectations of the creator. Values ranges from 0 (worst) to

1 (best).
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Overall accuracy Probability that a sample will be correctly classified. The best value is

1 and the worst value is 0.

F1 score Harmonic mean of the precision and recall, where an F1 score reaches
its best value at 1 and worst score at 0. The relative contribution of

precision and recall to the F1 score are equal.

Feature Measures the contribution of each feature to a fitted model’s statistical
Importance performance on a given tabular dataset. Larger value indicates that
feature has greater importance for the model. Used to measure

Sentinel-2 band importance.

e Model evaluation

The RF model testing consisted of two procedures: the first included self-testing on Sentinel-2
band median difference values extracted from four study areas used in the model training. Prior
to model training, the dataset was randomly split into training (80%) and testing (20%) subsets,
having 35 786 training samples and 8 947 independent testing samples. The partitioning was
performed using a fixed random seed value of 42 to ensure reproducibility of the results. The
value of the seed does not influence the methodological validity, but ensures that identical

training and testing subsets can be recreated.

The second testing phase included model testing on separate study area (Skaistkalne district)
unseen by model. This dataset included 958 fells and 16 689 compartments. The classification
was evaluated by comparing which compartments are classified as fells against ground-truth

labels (performed fells). Evaluation metrics were calculated using the following four quantities:

o True positive (TP) - Predicted fell matches actual fell
o False positive (FP) - Predicted fell where fell has not occurred
o False negative (FN) - Missed actual fell

o True negative (TN) - Correctly predicted non-fell compartment
Using these quantities different accuracy metrics were calculated:

o Overall accuracy: OA = (TP + TN) /(TP + TN + FP + FN)
o Producer accuracy: PA=TP /(TP + FN)

o User accuracy: UA=TP /(TP + FP)

o Flscore=(2* UA*PA)/(UA+PA)
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e Vegetation indices analysis

To evaluate the effect of vegetation indices on classification performance, a limited set of the
three indices were added to band modelling process. The indices were selected to represent
different types of vegetation index categories, incorporate the most influential spectral bands

and index relevance for clear-cut forest detection:

o NDVI (Normalized Difference Vegetation Index) - represents the structural index
category, selected as it is one of the most widely used indices in remote sensing
research.

o VARI (Visible Atmospherically Resistant Index) — represents the chlorophyll/pigment
index category, selected as it uses visible bands, which were identified as the one of the
most important bands in analysis.

o NDMI (Normalized Difference Moisture Index) — represents the water-sensitive index
category, most suitable water-sensitive index for forest felling as it effectively captures

changes in canopy moisture.
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4. Results

4.1. Band Importance

The results highlighted five spectral bands of Sentinel-2 with high importance scores: band 4
(red), band 12 (SWIR2), band 11 (SWIRI), band 3 (green) and band 2 (blue) showed clear

importance gap compared to the other bands (Figure 5).
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Figure 5. Sentinel-2 band importance scores for forest felling detection.
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The RF model assigned the highest importance scores to the red and SWIR bands, indicating

that these bands contributed most strongly for detecting forest felling. Red edge bands (band
5, band 6, band 7) and NIR (Band 8, Band 8A) showed notably lower importance. For each

forest compartment, median reflectance values were derived before and after felling event. The

relative percentage change was then calculated per compartment using the pre-felling

reflectance as the reference, and the resulting percentages were averaged across all

compartments. Bands 2, 4, 11, 12 showed relative increases greater than 100% (Figure 6).
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Figure 6. Sentinel-2 band average spectral reflectance change (%) due to forest felling.

4.2. Performance of the Random Forest model

Although results achieved high overall accuracy and showed similar results on both testing
methods (0.96 for self-testing and 0.97 for unseen area testing), this metric was influenced by
class imbalance. Greater emphasis was placed on the F1 score, which balances the precision
(user’s accuracy) and recall (producer’s accuracy). The F1 score decreased from 0.78 in self-
testing to 0.73 in unseen-area testing, indicating classification errors when applied model to
new, unseen data. Similar differences were found in users and producer’s accuracy. However,
relatively small differences between testing methods suggest stable and transferable

performance in detecting felling events (Table 8).

Table 8. Random Forest model classification accuracy metrics.

Results of model self- Results of model unseen area testing
testing

Overall accuracy 0.96 0.97

User’s accuracy 0.80 0.74

Producer’s accuracy | 0.76 0.73

F1 score 0.78 0.73
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Figure 7. Area of well-performing fell classification in Skaistkalne district.
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Figure 8. Area of low classification accuracy in Skaistkalne district.
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4.3. Classification patterns and sources of misclassification

An analysis of median spectral difference values across classification outcomes was conducted
to examine the spectral characteristics associated with different prediction results (Figure 9).
The results showed clear spectral differences between non-felled compartments and fells. The
spectral differences between 2018 and 2024 in non-felled compartments remain relatively low,
around 20 reflectance units, reflecting their stable canopy conditions. Missed fellings (FN)
showed lower reflectance differences in the visible and SWIR bands (30-60 reflectance units),
which led the model to classify them as non-felled areas. In contrast, overestimated fellings
(FP) exhibit higher reflectance differences (90-130 reflectance units) in the visible (bands 2, 4)
and SWIR bands, which were one of the most important bands in the RF model. Correctly
classified fellings (TP) exhibit intermediate spectral difference values between missed (FN)
and overestimated (FP) cases. In the band 4 (red), TP values range approximately from 80—100
units, compared to 30—60 units for FN and 100-120 units for FP. A similar pattern is observed
in the SWIR bands, where TP values (100—110 units) lie between those of FN (50—60 units)
and FP (120-140 units), indicating these bands as most important for distinguishing clear-cut

fells.
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120,00
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== Correct non-felling (TN)
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- Missed felling (FN)
BO5 (Red Edge 1)

- Overestimated felling (FP)

B11 (SWIR1)

BOSA (NIRn) BO6 (Red edge 2)

B08 (NIR) BO7 (Red edge 3)

Figure 9. Median spectral difference (2018-2024) by classification outcome.
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To better understand how the RF model performs across different forest compartments,
classification results were divided into three equal groups based on compartment size using
equal-frequency stratification. The groups of compartments were defined as small (< 0.72 ha),
medium (0.72-1.41 ha) and large (>1.41 ha) and this stratification enabled assessment of
whether spatial extent influences classification accuracy. Each group consisted of 5563 forest
compartments. The distribution of classification outcomes (TP, TN, FN, FP) was examined

across the different compartment size groups.

The results showed that large compartments group generally achieved higher proportion of
correctly classified fells (TP) and non-fells (TN), but small compartments were more prone to
the misclassification (Figure 10). More than 50% of overestimated fellings were identified
within the small compartments. Also, small compartments accounted for just over 20% of the
total correctly classified fells, while the large compartments contributed roughly twice this
amount. These findings suggest that compartment size affects the reliability of classification,

with the model performing better in larger compartments.

QOverestimated felling (FP) 149 70

~
‘

Missed felling (FN) 126 88 69

Correct non-felling (TN) 5092 5077 5065

Correct felling (TP)
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B Small compartments (<0.72 ha) ™ Medium compartments (0.72-1.41ha) M Large compartents ( > 1.41 ha)

Figure 10. Distribution of fell classification accuracy by forest compartment size.
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To examine classification patterns based on tree species level, the RF model was evaluated

against forest compartment dominant species (Table 9). The model performed well for pine,

birch and aspen, but struggled with spruce and gray alder dominant species compartments. In

spruce dominated compartments, the model often overestimates clear-cut felling events,

producing high number of false positives.

Table 9. Random Forest classification by dominant tree species in forest compartments.

Species | Correct Correct | Missed | Overestimated | User Producer’s | F1
non- felling felling felling (FP) accuracy | accuracy score
felling (TP) (FN)

(TN)

Pine 7224 529 118 86 0.86 0.82 0.84

Spruce | 2573 88 30 189 0.32 0.75 0.45

Birch 3429 210 83 12 0.95 0.72 0.82

Black 1295 30 36 3 0.91 0.45 0.61

Alder

Aspen 160 21 9 0 1 0.70 0.82

Gray 50 2 7 0 1 0.22 0.36

Alder
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During evaluation of the RF model, several sources of misclassification were identified that
affected fells detection. Pixels of Sentinel-2 image were affected by clouds — some pixels near
clouds were not fully masked by SCL. These pixels have extreme reflectance values, which
caused the model to incorrectly classify nearby forest compartments as fellings (Figure 11).
The SCL cloud masking was insufficient to fully remove cloud affected pixels, due to the

absence of additional buffering around cloud boundaries.

77 Incor_rectly 0 0,25 0,5 km
classified fells e
SCL layer

Figure 11. Overestimated fellings near clouds — Skaistkalne district.

The model was trained and validated on clear-cut felling events, but forest compartments may
experience other felling types. The results showed that the model often overestimates clear-cut
felling where other felling types occurred (Figure 12). This was particularly evident for sanitary
felling, the most common non-clear-cut type, where compartments were frequently

misclassified (Figure 13).
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Figure 12. Random Forest model overclassification distribution by felling type.
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Figure 13. Misclassified clear-cut fells due to sanitary felling in Skaistkalne district.

As sanitary fells can have various felling degree and the model is tuned to detect the larger

reflectance differences typical of clear-cut fells - some of the sanitary fells were identified as
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clear-cut fells by the model. Attempts to include sanitary felling in the model training led to
lower accuracy statistics. When the model was trained to detect fells in forest compartments
using only clear-cuts, the classification performance was slightly better, with user accuracy of
0.74, producer accuracy of 0.73, and an F1 score of 0.73 (Table 8). However, when sanitary
fells were added together with clear-cuts, the performance decreased, as indicated by lower
user accuracy 0.72, producer accuracy 0.56 and F1 score 0.63 (Table 10). This suggests that
the inclusion of sanitary fells increased classification confusion and indicates that the spectral

signatures of sanitary fells differ from those of clear-cut felling.

Table 10. Random Forest model classification accuracy metrics when sanitary fells combined

with clear-cuts.

Results of model self- Results of model unseen area testing
testing

Overall accuracy 0.96 0.96

User’s accuracy 0.80 0.72

Producer’s accuracy | 0.70 0.56

F1 score 0.75 0.63
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4.4. Vegetation indices and their effectiveness in detecting clear-cut felling

When vegetation indices were added to the model, importance scores shows indices with
moderately high importance scores (Figure 14). Among the indices, NDMI showed the highest
importance score 0.393. Meanwhile, the importance of the visible bands 2 (blue) and 3 (green)

have decreased when compared to results without indices (Figure 5).
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Figure 14. Importance scores of Sentinel-2 bands and vegetation indices for forest felling
detection.

After adding indices data to the spectral band dataset, the RF model remained stable, showing

similar results in self-testing with very small improvements in user accuracy (Figure 15).
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Figure 15. Random Forest model classification accuracy metrics with and without vegetation

indices in model self-testing.
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Tests on an unseen area show that the model is improved after adding vegetation indices
(Figure 16). Among the individual indices, VARI showed highest improvement of all indices,
increasing user accuracy by 3 %, producer accuracy by 4 %, overall accuracy by 1 % and F1
value by 4 %. Highest user accuracy was achieved when all indices were added, however

highest producer accuracy 77 % was achieved when added VARI alone.
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Figure 16. Random Forest model classification accuracy metrics with and without vegetation

indices in unseen area testing.
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5. Discussion

In this thesis, ML approach was performed to detect forest clear-cut fellings events from
Sentinel-2 imagery. The methodology used in this study combined Sentinel-2 surface
reflectance data with clear-cut historical felling events to generate training dataset for RF
classification. The model performance was assessed using self-model testing and separate
validation area unseen by model. The use of permutation-based feature importance by the RF
provided insight of which spectral bands were most important to distinguish felled and non-

felled compartments.

Calculation of median spectral difference on the forest compartment level instead of the pixel
level has shown several advantages. It is less affected by noise in the data and studies have
shown that it is more practical for operational use since forestry databases are based on
compartments units (Molnar & Kiraly, 2024). However, compartment-level mapping requires
detailed and accurate forest compartment spatial data, which is feasible in Latvia, but may

present challenges in other areas where data are missing.

Interpolation of Sentinel-2 data to a common resolution may have affected the results of study,
because of spatial variability and altered edge responses. For compartment-level median
aggregation, this influence is likely reduced, as it smooths individual extreme pixel values.
Although, using nearest neighbor resampling instead of bilinear resampling could be possible
option as it preserves the original reflectance values and maintains the discrete spatial structure
of the satellite data (Fagundes et al., 2025). Another possible improvement could be applying
undersampling to reduce the number of majority class (non-felled compartments) training
samples and achieve a more balanced class distribution. However, according to (Douzas et al.,
2019), undersampling may lead to loss of potentially useful information from the majority class
and can increase model variance, which in some cases may also increase the risk of overfitting,
particularly when the removed samples represent important spectral variability within the

dominant class.

RF parameters, including class weighting and random state, were kept unchanged and were not
extensively tuned in this study to ensure model reproducibility across different study areas and
input feature combinations such as raw spectral bands and bands combined with vegetation
indices. While additional hyperparameter optimization and class weighting experiments could

potentially improve the detection of the minority class (fells) by enhancing recall and overall
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F1 score, the objective of this study was to evaluate model stability rather than achieve

maximum possible performance through parameter tuning.

Band importance results indicate that SWIR bands 11 and 12 are sensitive to forest felling,
reflecting their responsiveness to changes in canopy moisture content and structural
characteristics after harvesting. Red visible band shows second highest importance across
spectral bands and it may be associated with reduced chlorophyll absorption following canopy
removal (Hu et al., 2022). Although other study (Abdi, 2019) highlighted the high importance
of NIR bands for detecting vegetation loss, particularly in boreal regions, the results of this
study show that visible and SWIR bands exhibited stronger reflectance differences between
felled and non-felled areas. The results suggest that, in the context of felling detection, spectral

reflectance responses should not be interpreted as being driven by a single biophysical factor.

Band importance is influenced by multiple interacting environmental and structural conditions.
Spectral responses may vary depending on tree species composition, branch, leaf structure and
vegetation phenological stage (Gen¢ & Altunel, 2025). Different species exhibit distinct
canopy structures, pigment concentrations and moisture dynamics, which affects reflectance in
visible, NIR and SWIR bands. Although images before and after felling were selected from the
same season, they were acquired in different months across study areas, which may introduce
phenological variability, as well as differences in sun position and atmospheric conditions,
which can affect band reflectance (Schiller et al., 2024). Post-felling areas typically exhibit
increased soil exposure and soil reflectance contributes to background spectral signals. The
fells dataset covered a six-year period, meaning that some felling sites may contain older
logging residues or regenerating young stands, whereas others represent more recent harvesting
events with fresh cutting surfaces. These temporal and surface condition differences may

further influence reflectance variability associated with felling detection.

When comparing band importance scores and spectral reflectance difference, bands with larger
reflectance changes due to forest felling generally had higher importance scores in the RF
model. Band 5 showed relatively high average reflectance difference due to felling, but it had
the lowest band importance score. The reason for these results can be related to other bands
competitiveness as there can be high correlation with other red edge bands (band 6 and 7). In
addition, reflectance difference variance for band 5 across fells can affect the importance score

as the RF favors features with stable class describing results (Belgiu & Dragug, 2016).
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Achieving over 70% user and producer accuracy, F1 score in unseen-area testing, along with
minimal differences compared to self-testing results, indicates that the model demonstrates
stable performance under similar conditions. Similarity between user’s and producer’s
accuracies indicates that model does not systematically under or overestimates fellings. Overall
accuracy exceeded 95%, but this value should be interpreted cautiously as most of validated
features were non-felled areas. In addition, generalizability assessment remains limited in this
study. The district used in unseen area testing is located within Latvia and have same forest
management practices, climatic conditions, temporal coverage and data source as the training
areas. The results demonstrate spatial transferability within comparable ecological and forest
management areas. However, additional validation across more heterogeneous regions and
varying environmental conditions is necessary to confirm the robustness and broader

applicability of the model beyond Latvia.

The results showed that the majority of RF model overclassifications are associated with
sanitary felling, which accounts for approximately 79 % of all overestimated felling detections.
Classification patterns showed strong changes in visible and SWIR bands for overestimated
fellings, which are linked to sanitary, reconstructive and thinning fellings, where partial canopy
removal triggers clear-cut signatures. These patterns also align with classification results
analyzed by dominant forest compartment species — spruce dominated compartments accounts
for the highest overestimation of fellings, and sanitary fellings are most frequent in these
compartments due to spruce bark beetle damages. Classification performed well in pine, birch
and aspen dominated compartments, but the lowest performance were in gray alder
compartments, which is related to the small number of compartments where it is dominant
species. Results showed that the reflectance difference after a clear-cut event can range from
30 to 100 spectral units in the red band, which is a relatively large variation that can sometimes
make it more difficult for the model to accurately classify changes. On the other hand, missed
fellings (FN) showed lower reflectance differences than actual fells (TP), causing model to
misclassify these forest compartments as fells. Results showed better classification statistics
for larger compartments as greater area produces more stable and reliable spectral data for

classification algorithms.

Some of the misclassified compartments were affected by clouds in Sentinel-2 images.
Although SCL layer was used to cover cloudy areas, some of the nearest pixels still were
affected by clouds and had extreme reflectance values due to basic SCL-based cloud masking

approach. Possible improvements could be masking pixels around SCL layer and masking
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edges of forest compartments to reduce mixed pixels near boundaries. Another solution could

be screening these extreme values before median calculation.

Addition of vegetation indices data to the RF model provided meaningful insights. The model
self-testing results were almost the same as those obtained without vegetation indices, which
may be explained by the limited testing data and the fact that the indices were derived from the
same underlying Sentinel-2 spectral bands. These factors reduce the sensitivity of the model to
small changes from additional indices. Moreover, training and test samples originated from the

same forest areas, limiting variability.

In the band importance analysis, the indices ranked in the middle of ranking, because the
strongest spectral bands already provided most of the discriminative power. Furthermore, since
the indices are computed from these same bands, the model tends to rely on the indices, which

can reduce the importance of the original bands.

However, testing on an unseen area showed that indices improved model performance. Each
index contributed 1-4 % improvements on all accuracy metrics — largest differences identified
in user accuracy (74 % without indices and 78 % with all indices together) and producer
accuracy (73 % without indices and 77 % with VARI). Among the three indices, VARI
provided slightly better improvements, likely due its band formula — it uses only visible bands
2 (blue), 3 (green), 4 (red), which were already among the most important bands before indices
were added. Although another study (Nugraha et al., 2024) reports NDVI as more accurate and
sensitive index in vegetation monitoring compared to VARI, lower results of NDVI can be
described with overclassifications — it is more sensitive to vegetation changes and it can more
often overclassify sanitary fells as clear-cuts. NDMI also performed well, reflecting moisture

loss after forest felling and the importance of band 11 (SWIRT1) in such clear-cut identification.

Since the vegetation indices used in this study are mathematical transformations of the original
spectral bands, they introduce additional correlated predictors rather than entirely new
independent information. When indices were included in the model, the importance of some
original bands, such as the green and blue visible bands, decreased, while others remained
relatively stable. This pattern can be explained by multicollinearity effect in RF model. When
multiple predictors encode similar information, there can be correlation between features that
creates noises in datasets, affecting prediction accuracy (Dobrinic et al., 2022). Importantly,
such correlation does not necessarily reduce predictive performance, as RF can successfully

handle high data multicollinearity (Belgiu & Dragut, 2016). Findings show that correlation do
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not reduced predictive accuracy strongly, but effected band variable importance interpretation.
Although vegetation indices do not provide additional raw spectral data, their normalized
transformation structure helps mitigate variability associated with environmental factors such
as seasonal phenological changes and atmospheric scattering effect limitations, for example,
VARI index design to minimize atmospheric effects (Gitelson et al., 2002). The improvements
of accuracies in spatially independent validation suggest that vegetation indices contribute to
improved model robustness and generalization rather than substantially increasing separability

within the training data.

Findings from this study demonstrate that Sentinel-2 based clear-cut detection using the RF
method can be successfully used to monitor harvesting activities. It can be used to validate
logging areas remotely or to identify unmapped clear-cuts from historical Sentinel-2 data.
Additional potential applications include military intelligence, where such methods could help

identify early signs of military installations.
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6. Conclusions

This study showed that the integration of Sentinel-2 imagery and machine learning (ML)
algorithm like Random Forest (RF) offers a reliable method for detecting forest clear-cut felling
events in Latvia. By analyzing Sentinel-2 imagery spectral data before and after historical
felling events, the model demonstrated capabilities of distinguishing felled and non-felled
forest compartments. Testing on an independent forest district achieved an overall accuracy

exceeding 95%, with producer and user accuracies of 73% and 74%, respectively.

Evaluation of Sentinel-2 spectral band importance indicates that red (band 4) and short-wave
infrared (bands 11, 12) were most effective for identifying forest felling. In contrast, red-edge
(bands 5, 6, 7) and near-infrared (NIR) (bands 8, 8A) contributed less to classification, while
other visible bands like blue (band 2) and green (band 3) showed stable and moderate

performance.

The analysis of the model performance by forest compartment size and dominant tree species
highlighted larger compartments as more stable and accurate to classification, while smaller
compartments and spruce dominated stands were more prone to classification errors. Cloud-
affected pixels and partial canopy removal fell types, especially, sanitary fells, were identified

as key sources of misclassification.

Integrating vegetation indices into the RF model resulted in slight, but meaningful
improvements in accuracies. Visible Atmospherically Resistant Index (VARI) provided the
greatest improvements when compared to Normalized Difference Vegetation Index (NDVI)
and Normalized Difference Moisture Index (NDMI) with user and producer accuracies
achieving 77 %, which is 3-4 % improvements when compared to results without any indices

data. Similar results achieved when adding all 3 indices together with raw band data.

Overall, this research highlights the practical usefulness of Sentinel-2 satellite data and the RF
classification method for monitoring forest felling in Latvia. However, further validation in
more diverse ecological and management conditions is required to confirm the robustness and
broader applicability of the method beyond the study region. The results may have been
influenced by preprocessing procedures, including interpolation of Sentinel-2 imagery to a
common spatial resolution, which may introduce smoothing effects and alter edge responses.
Spectral variability may also be affected by temporal differences between image acquisitions,

species composition differences in Latvia, and the extended study period, during which logging
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residues, regeneration processes, and phenological changes could influence reflectance signals.

These factors should be considered when interpreting the reported classification performance.
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Python script for mapping fells from Sentinel-2 data

https://gitlab.com/gk4382352/python/-/blob/main/Sentinel2FellMapper.py
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