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Abstract

Climate change is leading to higher temperatures in Sweden, which increases dryness
and the risk of wildfires. Although boreal forests are naturally adapted to seasonal fires, more
frequent and intense occurrences may lead to tree mortality and changes in biodiversity, and
pose risks to humans and wildlife. Existing low spatial resolution products for mapping burned
areas may not be suitable for the Swedish boreal forests, which experiences mainly small fires
beyond large fires. The study aims to develop an effective approach for mapping burned areas
tailed to the Swedish boreal forest context using Sentinel-2 satellite data and advanced
machine learning techniques. The random forest algorithm were employed to identify the most
important Sentinel-2 derivatives for discriminating burned areas. The top five selected Sentine-
2 derivatives were then used to train UNet deep learning models for automated burned area
mapping. Three image datasets were created based on the top 3, 4, and 5 derivates resulting
from the random forest analysis, along with their corresponding burned and unburned
reference labels from 2018 to 2023. Subsequently, three UNet models were trained based on
these datasets. Comprehensive model evaluation was conducted using precision, recall, F1-
Score, and overall accuracy metrics for both burned and unburned area classification. The
results demonstrated a consistent improvement in model performance with the inclusion of
more input variables. The UNet model trained on the top five Sentinel-2 derivatives achieved
the highest accuracy, with a precision of 0,970 and 0,902, an F1-Score of 0,972 and 0,864,
and an overall accuracy of 0,940 for burned and unburned area mapping, respectively. This
model exhibited robust classification performance across multiple years, accurately
delineating burned areas of varying sizes and environmental conditions. The proposed
approach leverages the strengths of both machine learning and deep learning techniques,
enabling accurate and automated burned area mapping tailored to the unique characteristics
of Swedish boreal forests. The findings of this study can contribute to improving fire
monitoring, management strategies, and enhancing existing burned area databases in
Swedish boreal forests, ultimately supporting sustainable forest management and climate-
change adaptation efforts.

Key words: GeoAl, Machine Learning, Random Forest, Deep Learning, UNet, Sentinel-2, Burned
Area Detection, Swedish boreal forests



Sammanfattning

Klimatférandringarna leder till férh6jda temperaturer i Sverige, vilket 6kar torrhetsgraden och
risken for skogsbrander. Trots att boreala skogar &r naturligt anpassade till sésongsbundna
brander kan mer frekventa och intensiva brander leda till tradddéd och féréandringar i den
biologiska mangfalden samt utgora en risk for manniskor och vilda djur. Befintliga produkter
med lag rumslig upplosning for kartlaggning av branda omraden kanske inte ar lampliga for
de svenska boreala skogarna, som framst upplever sma brander utover stora brander. Studien
syftar till att utveckla ett effektivt tillvagagangssatt for att kartlagga branda omraden anpassade
til den svenska boreala skogen med hjalp av Sentinel-2 satellitdata och avancerade
maskininlarningstekniker. Random Forest-algoritmen anvandes for att identifiera de viktigaste
Sentinel-2-derivaten for att diskriminera branda omraden. De fem béasta utvalda Sentine-2-
derivaten anvandes sedan for att trana UNet djupinlarningsmodeller fér automatisk
kartlaggning av branda omraden. Tre bilddataset skapades baserat pa de 3, 4 och 5 basta
derivaten fran slumpskogsanalysen, tillsammans med deras motsvarande branda och
obranda referensetiketter fran 2018 till 2023. Darefter utbildades tre UNet-modeller baserat
pa dessa dataset. Omfattande modellutvardering genomférdes med hjalp av precision,
aterkallande, F1-Score och overgripande noggrannhetsmatt for bade brand och obrand
omradesklassificering. Resultaten visade en konsekvent forbattring av modellens prestanda
med inférandet av fler ingangsvariabler. UNet-modellen som tranats pa de fem basta Sentinel-
2-derivaten uppnadde den hogsta noggrannheten, med en precision pa 0,970 och 0,902, ett
F1-poang pa 0,972 och 0,864 och en total noggrannhet pa 0,940 for kartlaggning av branda
respektive obranda omraden. Denna modell uppvisade robust klassificeringsprestanda over
flera ar och avgransade noggrant branda omraden av varierande storlek och
miljoférhallanden. Det foreslagna tillvagagangssattet utnyttjar styrkorna hos bade
maskininlarning och djupinlarningstekniker, vilket mdjliggér noggrann och automatiserad
kartlaggning av branda omraden som &r skraddarsydd for de unika egenskaperna hos
svenska boreala skogar. Resultaten av denna studie kan bidra till att forbattra
brandbvervakning, forvaltningsstrategier och forbattra befintliga databaser 6ver brénda
omraden i svenska boreala skogar, vilket i slutandan stoder hallbar skogsforvaltning och
anpassning till klimatféréandringar.

Nyckelord: GeoAl, Machine Learning, Random Forest, Deep Learning, UNet, Sentinel-2, detektion av
branda omraden, svenska boreala skogar
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1. Introduction

1.1. Background

Sweden, like many other regions globally, is experiencing rising temperatures due to
climate change [1]. Elevated temperatures contribute to higher evaporation rates and
increased dryness, creating a more fire-prone environment [2]. In addition, changes in
precipitation patterns can lead to longer periods of drought, reducing soil moisture content
[3,4]. Drier vegetation becomes more susceptible to ignition, increasing the likelihood and
severity of fires [5]. The combination of these two factors significantly increases the risk of
wildfires. Warmer conditions extend the fire season, and more intense fires can occur when
they do ignite.

Boreal forests are adapted to periodic, low-intensity wildfires. However, more frequent
and intense fires driven by climate change can surpass the natural ecosystem's adaptive
capacity. High-intensity fires can lead to higher tree mortality, alter vegetation composition and
affect overall biodiversity [6]. In 2018 alone, more than 20,000 hectares of land were burned
as a result of fires in Sweden [7]. Although the frequency of fires has decreased significantly
in subsequent years, this does not mean that fires are no longer a danger. Wildfires
themselves contribute to climate change by releasing stored carbon into the atmosphere. This
can create a feedback loop, as climate-induced conditions lead to more wildfires, further
contributing to carbon emissions. The ecological consequences of increased wildfires include
habitat destruction, loss of biodiversity, and changes in soil properties. High-intensity fires can
result in the loss of vegetation cover and alter the composition of plant and animal species in
affected areas. Beyond the ecological impact, wildfires pose risks to human lives, property,
and infrastructure. Evacuations, property damage, and health issues related to smoke
inhalation are major concerns during wildfire events.

1.2. Research Objectives and Questions

This project addresses the critical need to better understand and monitor wildfires in
Swedish boreal forests in the context of climate change. The main objective is to identify the
most effective Sentinel-2 data derivatives for accurately mapping burned areas. Additionally,
the goal is to develop methods for accurate mapping of those areas. The methodology of this
project is based on advanced machine learning and deep learning techniques. Random Forest
and UNet algorithms are used to process and analyze Sentinel-2 data. Understanding the
dynamics of fires in Swedish boreal forests in the context of climate change is crucial for
management and mitigation. By identifying effective derivatives of Sentinel-2 data for mapping
burned areas, this project can provide valuable information on forest management and
conservation strategies. Through the integration of deep learning and machine learning
methods, this project aims to develop robust and accurate techniques for mapping burned



areas in Sweden's boreal forests. These advanced methodologies will enhance the ability to
monitor and manage forest fires in the context of a changing climate. Accurate mapping of
burned areas can help assess the ecological and economic impacts of fires, plan remedial
actions and prepare future fire risk reduction measures.

To achieve these objectives, several key research questions need to be addressed:

1. What are the most effective Sentinel-2 derivatives for mapping burned areas in
Swedish boreal forests?

2. Which combination of top derivatives lead to improved mapping burned areas?

3. How can the number of input channels to the deep learning model be reduced to create
a more efficient model with improved computation times for mapping burned areas?

4. Does the incorporation of machine learning and deep learning, specifically Random
Forest and UNet algorithms, enhance the accuracy of burned area mapping using
Sentinel-2 MSI data derivatives in Swedish boreal forests?

1.3. Outline

Chapter 2 provides a very extensive literature review. It begins with an overview of the
occurrence and consequences of boreal forest fires, discussing their frequency, distribution
and environmental consequences. It then examines the use of satellite data to detect burned
areas, highlighting the role of different satellite systems, as well as specific indices used to
detect burned areas. The review concluded with a section about GeoAl, exploring new
approaches to geospatial data analysis and the advantages of GeoAl in environmental
monitoring.

Chapter 3 includes a description of the study area and the history of fire occurrence in
Swedish forests, as well as presenting the sources and characteristics of the data, including
inputs data from the Swedish Emergency Agency, the Swedish Forestry Agency and Sentinel-
2 satellite data.

Chapter 4 details the platforms and software used, data preprocessing (ArcGIS Pro,
Google Earth Engine), machine learning (used indices, zonal statistics, Random Forest
classification) and deep learning (data preprocessing, training data, model training).

The next chapter, chapter 5, contains the demonstration of the outcome and its
analysis. It includes information on the results of the feature importance analysis, the results
of deep learning for the most important variables and the testing of the best model.

The discussion section reviews the significance of the results, comparison with existing
methods, limitations and future research opportunities. As a summary of the paper, the final
section presents a conclusion of the main results and overall findings. The full list of references
can be found at the end of the article.



2. Literature Review

A literature review is a key element of any scientific study. For the purposes of this
project, the literature review was divided into three subsections. The first focused on research
related to boreal forest fires, secondly on the satellites that have been used in various scientific
papers to map burned areas, and the analysis of indices used by scientists for this task. The
last subsection focused on the different approaches related to the use of machine learning
and deep learning methods that were proposed by the authors.

2.1. Boreal Forest Fires: Overview of Occurrence and Impacts

The boreal forest, which is also known as taiga, represents one of the largest
ecosystems on Earth, which cover 27% of the global forest areas. Boreal forests cover most
of the terrestrial areas between 50 and 70 latitudes (Figure 1). The typical climate conditions
of this ecosystem are characterized by long and harsh winters, short and cool summers and
an abundance of wetlands [8]. The boreal forests play a key role in biodiversity protection,
carbon sequestration and climate regulation [9]. It provides habitat for many wildlife species,
including bears, wolves, lynx and reindeer, and serves as an important carbon sink, helping
to mitigate climate change. It is estimated that between 1992 and 2015, forests absorbed
between 0.31 and 0.19 petagrams of carbon per year, which represents between 27.3% and
16.7% of the Earth's carbon sink [10,11]
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Figure 1. Kdppen climate classification map [14].
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The fire season in the boreal forests usually occurs in summer, when high
temperatures and low humidity help the spread of fire. However, in recent years, the frequency
and intensity of boreal forest fires has been increasing due to factors such as climate change.
Although some studies from the late 20th century indicated that temperature changes do not
affect the frequency of fires in boreal forests [13,14], nowadays it is known that climate change
is resulting in warmer and drier conditions conducive to the spread of fire. Today's boreal forest
fires and their effects have become the subject of numerous scientific papers [15-19].
Research from 2005 [20] examined the impact of climate change on fire risk and projected
future burned land area in Canada. The results of the analysis suggest a significant increase
in future burned area, although large regional differences in fire activity were noted. According
to the study, the area burned in Canada is expected to increase by an average of 74-118% by
the end of the century. Another study on forecasting future fire activity in Canada [21], confirms
the urgent need for action to manage the growing risk of wildfires in the boreal forest.
According to the researchers, increases in temperature will outweigh increases in
precipitation. As a result, there is a high probability of an increase in wildfires that could exceed
historically observed levels. On the other hand, a different study investigated the impact of
wildfires on boreal forest resilience through post-fire recruitment in northeastern China [22].
The study provided valuable information about how changed fire regimes can affect the boreal
forest's composition and resilience, emphasizing the importance of considering both burn
severity and topographic factors in forest management and conservation efforts. However,
climate change is not only affecting more frequent wildfires in boreal forests. Charles
Tarnocai's study [23] examined the effects of climate change on carbon in Canadian boreal
forest peatlands. According to his study, rising temperatures will degrade frozen peatlands in
the northern boreal areas and will cause intense drying in the southern boreal wetlands. Due
to the changes, a large amount of carbon from peatlands may be released into the atmosphere
as carbon dioxide (CO2) and methane, further increasing climate warming. Similar
conclusions were drawn by Johan Eckdahl in 2020 at the beginning of his research [10]. Fires
affect plant succession and the functioning of the whole ecosystem. They cause not only a
loss of carbon, but also a loss of nitrogen, which is a key component of forest productivity. He
emphasized the need for further research to understand the effects of fire on Swedish boreal
forests and to develop effective methods to assess them.

In summary, the boreal forest is adapted to seasonal fires, which have a crucial role in
the dynamics of the ecosystem. Wildfires in the boreal forest can reach massive sizes and be
difficult to control. The increasing trends in the number of fires that have been observed in
recent years are alarming and should not be underestimated. Fires in boreal forests in the
short term can cause significant vegetation loss, soil erosion and wildlife habitat disruption.
Large amounts of CO2 are released during the fires, contributing to the exacerbating effects
of global warming and climate change.



2.2. Utilization of Satellite Data for Burned Area Detection

Although forest fires can play a positive role in removing dead material and stimulating
new growth, they can also cause massive damage. For this reason, there is a need for early
detection, monitoring and assessment of the effects of fires. Up-to-date and frequently
updated information is key to better understanding the factors leading to fires, managing them
and forecasting air quality.

Satellite images are a powerful tool for monitoring forest wildfires on a global, regional and
local scale [24]. Remote sensing methods provide high spatial, spectral and temporal
resolution, consistent data collection, and are less costly than ground-based methods. As a
result, they are used to measure fire risk, identify burned areas and monitor vegetation
recovery. Many government agencies, non-governmental organizations, research institutes
and private companies are using satellite data to monitor fires [25]. Here is a list of several
different satellites used for this purpose:

e MODIS and VIIRS satellite

Two of the more commonly used satellites for this task are Moderate Resolution Imaging
Spectroradiometer (MODIS) and Visible Infrared Imaging Radiometer Suite (VIIRS) [26].
MODIS, which is located on the Terra and Aqua satellites, offers a wide swath width of 2330
kilometers and fast scanning of large areas. Despite its low spatial resolution of 1 kilometer,
MODIS is still useful for monitoring the spread of large-scale fires due to its fast revisit time.
Visible Infrared Imaging Radiometer Suite (VIIRS), deployed on NOAA/NASA Suomi-NPP and
NOAA-20 satellites, also provides visual data in the visible and infrared ranges, which are
useful for monitoring fires. Like MODIS, it has a broad swath width of 3000 kilometers, but
provides finer spatial resolution of 375 meters. These two satellites are also the main
instruments for The Fire Information for Resource Management System (FIRMS). This is a
NASA-run public system providing near real-time global data about wildfires and heat islands
around the world [27]. A 2011 study proposed an approach using multi-temporal normalized
difference of burn rate (ANBRMT) based on MODIS satellite data to assess burn size in
Greece [28]. The results were comparable to Landsat data, offering an alternative to mapping
large-scale fire severity. MODIS provides data with high temporal resolution, which is
beneficial for comparing fire severity trends between regions. The article highlights the
potential of using MODIS satellite data to detect burned areas over larger areas without the
limitations of image availability. In contrast, a 2015 study by Patricia Olica and Wilfrid
Schroeder evaluates the VIIRS active fire detection (VIIRS AFD) product for direct burned
area mapping and compares it to Landsat 8 burned area classification. The paper showed that
VIIRS has higher sensitivity to big fires and higher fire detection rates compared to previous
studies, indicating its potential as a complementary data set in routine burned area mapping
systems, as demonstrated by the 2013 Rim fire in California case [29].



e Landsat satellite

What are the above-mentioned Landsat satellites? The Landsat mission is the longest-
running mission to acquire satellite imagery of the Earth. It was established as a joint
programme between the National Aeronautics and Space Administration (NASA) and the
United States Geological Survey (USGS). Since 23 July 1972, when Landsat 1 (originally
ERTS-1) was launched into space, the programme has continuously added and archived
satellite images of the Earth, an extremely powerful tool for, among other things, analyzing
and assessing environmental change and for developing new environmental strategies [30].
The Landsat satellites, similar to the MODIS and VIIRS satellites, have thermal channels, so
it is possible to expand research to include temperature analysis. However, the satellites in
this series are equipped with higher-resolution cameras, allowing more accurate analysis of
areas affected by fires. Thus, Landsat data is often used to map burned areas [31]. Among
others, W. Chen et al. focused in their study on the largest forest fire in the history of modern
China, which happened in the Great Hinggan Mountains region [32]. Landsat-5 TM satellite
imagery was used to map the burnt area, using satellite indices and maximum likelihood
classification (MLC). The results showed a very high accuracy of up to 99.78% and a high
kappa coefficient value of 0.9946, confirming the effectiveness of remote sensing methods,
highlighting their efficiency compared to traditional methods. On the other hand, a study from
2017 developed an automated approach to map burned areas [33]. The authors, using
amplified gradient regression models, developed an algorithm to identify burned areas in
dense time series of Landsat satellite data, creating the Landsat Burned Area Essential
Climate Variable (BAECV) product. The results were compared with other burned area
mapping products and were very satisfactory. BAECV products identified up to 116% more
burned area, which can enhance the documentation of fire patterns and the assessment of
their environmental impact.

e Sentinel Satellite

The Sentinel satellites are a constellation of Earth observation satellites developed by the
European Space Agency (ESA) to support the operational needs and objectives of the
Copernicus programme. The Copernicus programme aims to provide accurate and timely
information to support environmental, climate and disaster management monitoring. Sentinel-
1 satellites are used for radar imaging, providing access to data at any time of day, regardless
of the weather. Therefore, the Sentinel-1 are often used to map active fires in near real-time
[34,35], but have also found application in mapping burned areas [36—38]. Another satellite in
this family is the high-resolution Sentinel-2, which is described in detail in subsection 3.2.3
Sentinel-2 Satellites. Many scientists have chosen to use these satellites for scientific work
related to remote sensing analysis of fires and its effects on the environment [39—-42]. Itis also
a popular choice to combine a Sentinel-2 satellite with another satellite such as Sentinel-1 [35]
or Landsat-8 [43], in order to get a broader view of the phenomenon under study. Sentinel-3,
on the other hand, is designed to monitor the oceans and global land, being equipped with
instruments to measure sea surface temperature, ocean color, sea surface topography and
land surface temperature. These satellites are increasingly being used in research related to
mapping wildfires and their impacts [44,45]. Other Sentinel products are not being used
directly for fire mapping.



This is a list of just a few of the many satellites that are used to map fires and burned
areas. The Sentinel-2 satellites were chosen for this project. The selection of data from this
satellite mission can be justified by several factors. Sentinel-2 has high-resolution optical
sensors, which means that it is able to record details on the ground with a resolution of up to
several meters. This is especially important considering the characteristics of fires occurring
in Sweden's boreal forests. It enables accurate monitoring of the areas affected by the fires.
In addition, capturing images over a wide spectral range allows a detailed assessment of fire
damage based on changes in the reflected light spectrum. Data availability was another
important aspect, with Sentinel-2 providing open access to free data. These factors
contributed to the choice of the satellite mission.

2.2.1. Indices Used for Detecting Burned Areas

Detecting burned areas is a key task in assessing the impact of wildfires and
developing recovery strategies. Satellite imagery provides an effective tool for identifying the
extent and intensity of burned areas, which allows vegetation regeneration to be assessed
and post-fire conditions to be monitored at different times. Healthy vegetation has a high
reflectance in the NIR band (around 40%), while the most burnt areas have a very low
reflectance (around 10%). In the shortwave infrared (SWIR) band, the situation is reversed.
There, burnt areas have the highest reflectivity, which decreases with less fire damage (Figure
2). Such analysis enables precise mapping of burned areas, which is essential for effective
monitoring of ecosystem changes and assessing the effectiveness of remediation efforts. With
regular satellite observations, it is also possible to follow the process of vegetation
regeneration and to plan restoration efforts in fire-affected areas.
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Figure 2. Comparison of the spectral response of healthy vegetation and burned areas [46].


https://www.zotero.org/google-docs/?tafhRP

Many researchers over the years have studied and analyzed various indices that would
assess the severity of fires, focusing primarily on those that use the two bands described
above. One of the most common indexes among authors is the Normalized Difference
Vegetation Index (NDVI) [47]. NDVI is commonly used to map burned areas because of its
ability to record changes in vegetation caused by fires and to monitor the overall condition of
vegetation in a given area [48]. Based on a 2015 study [49] vegetation regeneration after the
2011 fire in Bastrop, Texas was monitored. Average NDVI levels increased significantly for
three years after the fire, indicating rapid vegetation regeneration. Severely and moderately
burned areas showed a decrease in NDVI in the third year, while areas with less severe burns
had a greater degree of recovery. Differences between NDVI values before a fire and NDVI
values after a fire provide useful information for assessing the magnitude of a fire by
guantifying changes in vegetation condition and health before and after a wildfire. Based on
the original NDVI, researchers have created various variations of this index, including the
following: Second Normalized Difference Vegetation Index (NDVI2) [50], Green Normalized
Difference Vegetation Index (GNDVI) [51] and Blue Normalized Difference Vegetation Index
(BNDVI) [52].

The Enhanced Vegetation Index (EVI), like the NDVI, assesses vegetation condition,
but is more sensitive in areas with dense vegetation cover [53]. EVI can provide a more
accurate assessment of vegetation conditions compared to NDVI because it takes into
account the effects of atmospheric factors on light reflection [54]. Changes in EVI values
before and after a fire can provide information on the extent of vegetation damage and its
ability to recover. An alternative version of this index is Second Enhanced Vegetation Index
(EVI2), which does not include the blue band in the calculation [55] and Second Enhanced
Vegetation Index (EVI 2.2), which is an alternative version of EVI 2 [56]. Another vegetation
index, the Transformed Vegetation Index (TVI) is mainly used in forestry and agriculture to
monitor the level of stress and environmental factors on plant health [57]. However, the index
has also found application in studies related to mapping burned areas [58]. Other vegetation
indices that can also be used to map burned areas: Ashburn Vegetation Index (AVI) [59],
Chlorophyll Vegetation Index (CVI) [60] and Difference Vegetation Index (DVI) [61]. SAVI
index, which stands for Soil-Adjusted Vegetation Index [62] is another index used to detect
burned areas. This is a vegetation index similar to those mentioned and explained above, but
adjusted for soil brightness. Different versions of this index are the Modified Soil-Adjusted
Vegetation Index (MSAVI) [63], Second Modified Soil-Adjusted Vegetation Index (MSAVI 2)
[63], Transformed Soil-Adjusted Vegetation Index (TSAVI) [64], Optimized Soil-Adjusted
Vegetation Index (OSAVI) [65] and Green Optimized Soil-Adjusted Vegetation Index [65]. The
goal of those indices is to reduce the influence of background soil, especially in areas of high
soil brightness, which can affect the accuracy [62]. By adjusting for soil brightness, the SAVIs
indices aim to provide a more accurate representation of vegetation density and condition.
However, according to the study by the authors, who compared the results obtained using
those indices and other vegetation indices, the results indicated that the NDVI gave a more
accurate result [66,67]. On the other hand, an index that has similarities to NDVI is the Global
Environment Monitoring Index (GEMI). GEMI is a non-linear vegetation index [68]. Unlike
NDVI, GEMI considers bare soil, which makes the index less suitable for areas with sparse or
moderately dense vegetation [69].



However, there are indices that are specifically designed to study the quantity of area
that has been burned. The Burned Area Index (BAI) is one of these indices. It highlights places
affected by fire by highlighting the spectral difference between burned and unburned areas
[70]. In a 2018 study, Federico Filipponi, proposed a burned area indicator for Sentinel-2
(BAIS2). The idea was innovative because most of the methods available at the time were
based on the red, near-infrared and short-infrared bands, while Filipponi additionally proposed
using bands in the red-edge spectral domain [71]. On the other hand, Rentao Guo et al. used
their novel Analytical Burned Area Index (ABAI) [72] to test its utility at different geographic
altitudes and to compare its results with existing burned indices. The results show that ABAI
is more precise and stable in assessing fire severity, especially in areas with terrain shadows
and heavily burned areas. The index also outperforms other popular indices, suggesting its
greater versatility and providing optional spectral indicators [73]. One of the most frequently
referenced indexes in articles related to wildfire mapping is the Normalized Burned Index
(NBR). This index is used to identify and map areas that have been affected by fires [74,75]
as well as to assess fire intensity [76]. Based on this index, researchers have created new
indices such as Normalized Burned Index Plus (NBR+) [46] and Normalized Burn Ratio-SWIR
(NBRswir), which stood out for their very successful results, as well as a number of
advantages, for instance: the exclusion of some areas misclassified as burned by other
indices.

Gray-Level Co-Occurrence Matrix (GLCM) textures are a method of analyzing the
texture of an image to extract information about the patterns, intensity and variability of pixels.
The texture refers to the relationship between a single pixel and its neighboring pixels. GLCM
textures are a promising tool for mapping burned areas, offering detailed feature analysis of
satellite images. They are increasingly used in remote sensing and satellite image analysis to
help classify and assess various terrain features, including the severity of fires. They are
mainly applied to Sentinel-1 satellites [77,78], however, researchers have also used GLCM
textures in analyses using Sentinel-2 satellites [40] or both, Sentinel-1 and Sentinel-2 [79].

The presented subsection demonstrates the variety of indices that can be used to map
fires and their impacts using satellite imagery. The authors employ both traditional indices
such as NBR and NDVI, as well as novel indices that have been developed by researchers in
recent years, such as NBR+ or NBRswir. These indices are crucial for accurately detecting
and assessing burned areas by highlighting changes in vegetation and soil properties.
Additionally, authors utilize GLCM textures and the main bands of satellite imagery, especially
red band, near infrared band and short infrared bands [80]. GLCM textures provide valuable
information on the structural changes in the landscape caused by fires, which can help in
distinguishing burned areas from unburned areas. However, different regions of the world are
characterized by different ecological and climatic features, and because of that, derivatives
and mapping methods should be individually selected and analyzed based on the specific
characteristics of the study area, in this case based on the characteristics of boreal forests.



2.3. GeoAl: Novel Approaches in Geospatial Data Analysis

Geospatial Artificial Intelligence (GeoAl) is a field that combines geospatial information
technology (GIS) and atrtificial intelligence (Al). GeoAl uses advanced artificial intelligence
techniques, including machine learning, neural networks, image processing and spatial data
analysis, to solve and improve a wide range of tasks. GeoAl is used in many different fields to
help make progressive decisions and increase the efficiency of processes [81]. In the context
of mapping burned areas, GeoAl constitutes a significant advance in the context of analyzing
and interpreting spatial data in innovative ways. The integration of these technologies allows
for a more precise and efficient mapping of burned areas, contributing to a better
understanding of phenomena, more accurate results, and a faster response to these disasters.

The results of a many researchers whose studies have focused on the use of machine
learning and deep learning approaches suggest the advantages of these approach towards
the problem of mapping burned areas. In one study, three machine learning algorithms,
random forest, logistic regression and support vector machine, were used to create models
for predicting forest fire susceptibility [84]. The study was based on the Gangwon-do region of
South Korea, which is the largest forest area in the country. Very good results were obtained.
The Random Forest model showed the best prediction in this study, with up to 0.936 in the
context of Area Under the Curve, which is one measure of model performance that tells how
well the model performs in distinguishing between classes. Another study focused only on the
application of the Random Forest method to detect burned areas in Chile using data from the
Sentinel-2 satellite [82]. Classification of fire-damaged areas in Chile is difficult due to the wide
variety of vegetation. The classification of burned areas obtained by the researchers proved
to be more accurate than those created by the National Forestry Corporation of Chile. The
work confirmed the effectiveness of using machine learning methods to automatically classify
burned areas, confirming its efficiency over traditional methods.

However, convolutional neural network (CNN) based architectures are now more and
more used in the projects. It is a type of deep learning model designed for processing
structured grid data, like images, by using convolutional layers to automatically and adaptively
learn spatial hierarchies of features. Many different architectures based on CNNs have been
used by researchers. One of the most widely used methods is UNet [45]. A study from 2020,
which was conducted in the Cerrado region, which is known for its biodiversity and frequent
fires, focuses on using the UNet architecture and ResUNET to classify burned areas, taking
into account different sample sizes [74]. Using Landsat-8 imagery, an accuracy of
approximately 0.96 was obtained for metrics such as Kappa and F1-Score. For this project,
the best results were obtained for a sampling window size of 256x256 pixels. Another study
from 2020 covered five regions around the world: California, Portugal, the aforementioned
Cerrado region, Mozambique and Australia [83]. The areas taken by the researchers for
analysis are areas where wildfires are quite common, however, each of these regions had
different characteristics. The researchers used a model called Burned Areas Neural Network
(BA-Net), which is based on the UNet architecture. The model was trained using daily
observations from the VIIRS satellite and then compared with the global burned area datasets
MCDG64A1 Collection 6 [84] with a spatial resolution of 500 meters, which are based on MODIS
data, and FireCCI51 [85] with a spatial resolution of around 250 meters, also based on MODIS
data. The model improved estimates of partially burned pixels and burn dates compared to
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existing products. The results indicate the effectiveness of the method used, however, the
need for further research and development to improve and optimize the methodology was
highlighted. Another study also focused on the use of remote sensing data to determine areas
burned by fires, using Sentinel-2 satellites and the UNet architecture [83]. The study used
different biomes and, through the techniques used, achieved an overall accuracy of 0.98 and
a kappa coefficient of 0.94. The study confirmed the effectiveness of using deep learning
methods to map burned areas. In addition, the 2023 study used RAUNet architecture and
Sentinel-2 data for the first time to detect fires in Mozambigue in near real time [86]. For this
project, the method used proved to be more effective than the UNet and RAUNet models,
especially in detecting small fires. With the method used, an overall accuracy of 0.985 was
achieved. The authors suggest that the RAUNet architecture can improve global fire detection
and encourage its use, especially with large datasets from different regions of the world. The
researchers also compared the results obtained using both Machine Learning and Deep
Learning. The study by Mohd Nadzri et al. found that U-Net, a Deep Learning-based model,
showed robust and high accuracy in detecting burnt areas compared to ensemble-based
approaches such as Random Forest [121]. In another study, researchers used a hybrid
convolutional neural network (CNN) as a feature extractor and a random forest (CNN-RF) as
classifiers on Sentinel-1 and Sentinel-2 data to identify burned areas. They demonstrated the
potential of this method in identifying burned areas, increasing precision rates up to 90% [122].

Therefore, after reviewing earlier studies, it was decided to incorporate Machine
Learning and Deep Learning-based approaches. Random Forest was selected to determine
the top derivatives of Sentinel-2 MSI data that control the detection of fires. Random Forest is
capable of handling a large number of input variables and has demonstrated strong
performance in various studies. It is also robust to noise, computationally efficient, and
straightforward to implement, making it ideal for processing high-dimensional remote sensing
data.

Subsequently, the goal was to train the UNet model to automate fire detection using
different datasets from the top derivatives in Sweden's boreal forests. UNet is particularly
suitable for our objective because it excels in image segmentation tasks, offering precise
localization and classification of features within an image. This capability is crucial for
accurately detecting and mapping fire-affected areas in complex forest environments. It is
expected to achieve high accuracy with these methods.
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3. Materials

3.1. Study Area

Sweden is a country located in northern Europe. Sweden spans most of the
Scandinavian Peninsula, bordering Norway and Finland. Sweden's climate varies, but is
generally temperate, with cold winters and mild summers. It is a country with an exceptionally
diverse landscape that includes, among other things, mountainous areas, lakes, marshes and
vast forested areas. One of the most distinctive features of Swedish nature is its boreal forests,
which cover a significant part of the country. These extensive forest areas not only play an
important ecological role, but also an economic and social role, providing natural resources,
habitats for wildlife, space for recreation and leisure for residents.

Nevertheless, Sweden's boreal forests are exposed to serious risks, of which fires are
one of the most dangerous. Fires in Sweden's boreal forests pose a significant challenge to
both the wildlife environment and society. This chapter focuses on presenting the
characteristics of Sweden's boreal forests, describing the history of fires that have occurred in
these areas and presenting the areas that were chosen as the study area of this thesis.

3.1.1. Sweden's Boreal Forests

The landscape of Sweden is forest-dominated. According to the Swedish Forest
Agency (Skogsstyrelsen) report from 2020, about 28 million hectares of the country's 40.8
million hectares are forested [87]. That means nearly 69% of Sweden's land area is forest. In
Sweden, it is possible to distinguish six types of vegetations zones (Figure 3): nemoral zone
in the south, boreal zones, which cover most of the country and which can be divided into
southern, middle and northern boreal, boreonemoral zone, which are between the middle
boreal zone and the nemoral zone, and alpine zone in the northwest of the country [88].
Sweden extends from latitude 55°20'N to 69°40'N and longitude 10°58'E to 24°10°E. As can
be seen in Figure 3, boreal zones (including boreonemoral zone) span most of meridian extent
of the country, which is 1570 km, and almost the entire parallel extent, which is 400 km [89].
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Figure 3. The map illustrates the distribution of vegetation zones in Sweden, depicting six distinct
zones: 1) Nemoral, 2) Boreonemoral, 3) Southern boreal, 4) Middle boreal, 5) Northern boreal, and
6) Alpine [88].

3.1.2. History of Wildfires in Sweden and Their Ecosystem Impact

The history of wildfires in Sweden is complex, influenced by environmental, social and
climate factors [90]. Wildfires have been a natural occurrence in Sweden for centuries, shaped
by features of the boreal forest ecosystem, including coniferous trees, dry summers and
periodic lightning strikes [91]. Traditional land management practices, such as slash-and-burn
agriculture used by indigenous Sami people and settlers, inadvertently contributed to fires by
creating flammable conditions in the forest [92]. The 19th and 20th centuries saw significant
industrialization and expansion of forestry practices, changing the landscape and increasing
the risk of fires through the accumulation of forest debris and changes in forest structure [119].
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Recent decades have seen changes in climate patterns, with warmer temperatures
and altered precipitation contributing to longer fire seasons and more severe fires. According
to the WHO's 2022 report [93], there is an increase in the frequency, severity and duration of
fires across the globe. The risk of fires escalates during extremely dry periods, such as
droughts, heat waves and during high winds, such as those that hit Sweden in 2014 and 2018
(Figure 4).
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Figure 4. Area of land burned by forest fires (hectares) in Sweden from 2009 to 2023. The data
highlights significant fire events in 2014 and 2018 [94]

The 2014 Vastmanland wildfire, one of Sweden's largest, burned almost 14,000
hectares of forest (Figure 4), causing significant economic and environmental damage
[Figure 5]. The fire started on July 31, 2014. and within a week, it became the largest fire in
Sweden in forty years [95]. However, the summer that came four years later caused even
more damage. In 2018, Sweden faced the most devastating fire season in its modern history,
which was caused by the worst drought in 74 years. The fires started at the end of May in
Vastmanland, the same location as the biggest fire in 2014 [96]. The heat wave that hit
Sweden in 2018 was exceptionally long, with a minimal rainfalls from May to July. Apart from
the mountain areas and parts of the northern Norrland backlands, May was characterized by
dry or very dry weather throughout the country with record amounts of sunshine across most
of the country. Precipitation across the country was also much lower than usual for most of
July. Additionally, July 2018 registered record high temperatures, making it the warmest
recorded in Swedish history (Figure 6). The middle of July brought temperatures more than
8°C above normal for Scandinavia. Due to these anomalies, more than 50 fires occurred in
Swedish forests that summer, burning a total of more than 21,000 hectares (Figure 4). This
period was part of a broader trend of global climate warming, contributing to more frequent
and intense extreme weather events.
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However, the cases described above are not typical fire seasons that occur in Swedish
forests. Comparing the data obtained from Statistica [94] (Figure 4) it can be seen that small
fires are more typical for Swedish forests, which do not cause as much damage as the 2014
and 2018 fires. It is worth mentioning that fires larger than 30 hectares were considered to
create the chart, which, according to the website, represent about 80% of total burned areas.
Therefore, for the purposes of this project, the focus was on both large and small fires, which
are a more characteristic phenomenon in Sweden.

7 5 5

Figure 5. Vastmanland wildfire. NASA Earth Observatory image by Jess Allen
taken on 4 August 2014 using Landsat data [95]
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Figure 6. Map of land surface temperature anomalies on 1-15 July 2018
compared to the 2000-2015 average for the same two-week period [97].

3.1.3. Divided Study Area

For the purposes of this project, it was decided to focus only on the boreal areas,
excluding the nemoral and alpine zones. The boreonemoral zone was also excluded, except
for single fires that occurred in the northern part of the boreonemoral zone, on the border with
the southern boreal zone. In addition, the data used in the project covers the years: 2018,
2020, 2021, 2022 and 2023. 2019 was excluded from the analysis due to an insufficient
amount of data. Only fires from the months typical of fire occurrence, which is May to
September for each of the years listed above, were used for the project.

As mentioned earlier, forests cover more than two-third of Sweden. Calculations and
analysis on such extensive rasters can be computationally intensive and time-consuming. To
manage the computational resources while capturing the diversity of fire events, the entire
boreal forest area was divided into three smaller study areas represented by polygons (Figure
7). The southernmost polygon, represents areas that experienced some of the largest and
most destructive the fires in recent years. The middle polygon represents a combination of
both small and large fires. This area was selected to capture a range of fire sizes within a
single region. The northern polygon represents areas affected by relatively small fires, which
are more characteristic of the typical fire regime in Swedish boreal forests.
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Figure 7. Map of polygons that represent study areas and dataset within Sweden’s boreal forests.
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3.2. Data: Sources and Characteristics

To implement this project, data from Myndigheten for samhallsskydd och beredskap
(MSB) and Skogsstyrelsen were used, as well as Sentinel-2 satellite imagery from 2018 to
2023, from the months typical for fires occurrences in Sweden.

3.2.1. Civil Contingencies Agency (MSB)

The English name for Myndigheten for samhallsskydd och beredskap (MSB) is Civil
Contingencies Agency. It is a Swedish government agency that is responsible for planning,
coordination and management in the prevention and management of crises such as natural
disasters, including forest fires. MSB has provided tables with data on fires in the Production
Forests. As provided, the production forest category also includes felled areas. The provided
data provided included information on the date of the fire, the area, coordinates in the
SWEREF99 coordinate system, the name of the commune in which the fire occurred, the main
causative factor and the heat source (table 1). The resulting table contained 5,028 rows, i.e.
information about 5,028 fires from 2018 to 2022. After cleaning the data to the limits of the
study area and removing fires that burned areas smaller than 10 square meters, a set of 1,290
points was obtained. Ultimately, this set was not used directly in the project, which is described
in more detail in subsection 6.3. Limitations. However, important elements of this dataset have
been used to supplement the information received from Skogsstyrelsen.

Table 1. Characteristic of dataset obtained from MSB.

Date Burnt | Municipal | sweref99 | sweref99 | Primary causal | Heat source

area ity Norr Ost factor
(m?)
27.01. |1 Laholm 6269005 374819 Unintentional Other heat source
2018 effect of human
action
01.02. |1 Norrkoéping | 6494479 568099 Unable to assess | Unable to assess heat
2018 cause source
04.03. |1 Lysekil 6464526 290534 Unintentional Outdoor fire
2018 effect of human
action
[-] [-] (-] (-] [-] (-] (-]
16.07. | 46550 | Ljusdal 6868970 525697 Natural event Lightning
2018 000
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3.2.2. Swedish Forest Agency (Skogsstyrelsen)

The Swedish Forest Agency (Skogsstyrelsen) is the national authority responsible for
forest-related issues. According to the information received, the Swedish Forest Agency
mapped forest fires using Sentinel images and coordinates from SOS Alarm, starting from
2018 until 2023. In this case, the number of mapped fires is much smaller (around 800),
however, it contains polygons representing the burned areas. The resulting data set is
represented as a table containing 34 columns of data, thanks to which it is possible to obtain
information about each fire. These data include: the identification number of each fire, the
name of the fire and the type of fire (i.e. whether it was a planned or unplanned fire), as well
as the name of the county and municipality in which the fire occurred. Additionally, for some
fires, data such as the quality of fire mapping and what data source was used to map the fire
were available - these were mainly Sentinel-2 satellite data. After trimming the data set to the
study area, around 500 fires remained. Unfortunately, a more than 200 data did not have
information regarding the date of the fire and after manual verification with data from MSB, it
was possible to complete the missing information in most of the data. Ultimately, this resulted
in 446 polygons representing boreal forest fires in Sweden in 2018 and 2020 to 2023.

3.2.3. Sentinel-2 Data

Sentinel-2 is a European multispectral imaging mission with wide data collection
coverage and high resolution. It consists of two satellites orbiting in the same orbit
synchronous with the movement of the sun, offset from each other by 180°. The position of
each satellite is measured by a dual-frequency Global Navigation Satellite System (GNSS)
receiver. The full specification is designed to provide a high re-imaging frequency of 5 days at
the equator. This guarantees the continuity of data collection and delivery.

Sentinel-2A was launched on June 23, 2015, and Sentinel-2B on March 7, 2017, into
a circular orbit of 786 km at an inclination of 98.62°. The mission is equipped with an optical
instrument that samples thirteen spectral bands: four bands with a spatial resolution of 10 m,
six bands with a spatial resolution of 20 m, and three bands with a spatial resolution of 60 m
(Table 2). The main objectives of the Sentinel-2 mission were: systematic and continuous
acquisition of high-resolution multispectral images, combined with high frequency surveys,
which will become observational data for products such as land cover maps, terrain change
detection maps and geophysical variables. They are consistent with the theme of the
Copernicus program, which focuses its activities on monitoring land and sea areas, introducing
new strategies to eliminate unfavorable climate changes, crisis management and supporting
security [98].
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Table 2. Characteristics of Sentinel-2 satellites [98].

Spatial

Central Wavelength

Band Resolution Description Common Applications
Sentinel-2A Sentinel-2B
B1 60 m 442.7 nm 442.3 nm Ultra Blue Atmospheric correction,
(Coastal and coastal monitoring
Aerosol)

B2 10 m 492,4 nm 492,1 nm Blue Soil and vegetation
discrimination, urban
feature identification

B3 10 m 559,8 nm 559 nm Green Vegetation health

assessment, land cover
classification

B4 10 m 664,6 nm 665 nm Red Vegetation health, land

cover mapping

B5 20 m 704,1 nm 703,8 nm Red Edge 1 Vegetation analysis, soil
moisture estimation

B6 20m 740,5 nm 739,1 nm Red Edge 2 Vegetation health, land

cover change detection

B7 20m 782,8 nm 779,7 nm Red Edge 3 Vegetation stress, water

quality assessment

B8 10m 832,8 nm 833 nm Near Infrared Vegetation health, land

(NIR) cover classification

B8a 20m 864,7 nm 864 nm Narrow NIR Vegetation health,

chlorophyll content

B9 60 m 945,1 nm 943,2 nm Water Vapor Soil moisture,

vegetation water
content
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Central Wavelength
Spatial - ..
Band Resolution Description Common Applications
Sentinel-2A Sentinel-2B
B10 60 m 1373,5 nm 1376,9 Short Wave Atmospheric correction,
nm Infrared cloud screening
(SWIR)
Cirrus
B11 20m 1613,7 nm 1610,4 SWIR1 Mineral identification,
nm land surface
temperature
B12 20m 2202,4 nm 2185,7 SWIR2 Vegetation moisture
nm content, geological
mapping

3.2.4. Training and Validation Data

The training and validation data for Random Forest analysis were derived from
trimmed datasets provided by the Swedish Forest Agency (450 polygons). 70% of these
datasets were allocated for training and 10% for validation. Following this, based on the top
derivatives of Sentinel-2 MSI data identified by the Random Forest algorithm, three image
datasets were created, encompassing the top 3, 4, and 5 Sentinel-2 MSI variables. These
image datasets, along with their corresponding labels for burned and unburned areas, were
converted into small image tiles of 256 x 256 pixels. These tiles were then divided into three
groups for the UNet model: 80% for training, 10% for validation, and 10% for testing. The
validation dataset was used to monitor the efficacy of our model training, while the testing
dataset was employed to assess the performance of the trained model.
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4. Methodology

The primary goal of the study was to identify the most advantageous Sentinel-2
derivatives for the accurate detection and mapping of burned areas in the Swedish boreal
forests. To achieve this objective, it was necessary to use suitable research methods to collect
reliable and meaningful data. This section describes in detail the methodological approach,
techniques used, and the selection of methods and their within the context of the study.

The choice of methods was based on a comprehensive literature review and the
knowledge gained during the study. The study involved the preparation of raster (Sentinel-2
satellite imagery) and vector data (fire labels) from which zonal statistics were calculated.
These data were used to calculate the top variables based on the Random Forest machine
learning model. The raster data were then pre-processed for deep learning and datasets were
created, each containing the top 3, top 4 and top 5 Sentinel-2 derivatives as composite bands.
The final step was to calculate and test the UNet Architecture for prediction (Figure 8).
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Figure 8. Work flow of the project. The process includes pre-processing of vector and raster data,
selection of the most important variables using Random Forest, processing of the input data into the
UNet network and final prediction of the burned area mask. [86,120].
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4.1. Platform and Software Used in the Project

Google Earth Engine and ArcGIS Pro software were used to implement the project.
Earth Engine is a public data catalog created by Google LLC. The cloud-based platform
contains a library of satellite images spanning over 40 years, offering them free of charge
along with the tools and computing power necessary to analyze and process the data. It
contains over 40 petabytes of geospatial data available to anyone at any time. Scientists,
students and non-profit organizations use Google Earth Engine for remote sensing research,
predicting disease outbreaks and for environmental protection. For example, it is possible to
distinguish burned and unburned areas. Google Earth Engine is an invaluable tool for
effectively examining these changes using data stored in the cloud, while saving the
computing power of devices used for analysis [99].

ArcGIS Pro, on the other hand, is an advanced software for working with geospatial
data, allowing to create, analyze and share maps and geospatial data in 2D and 3D. ArcGIS
Pro is a product of Esri, a global company specializing in GIS technologies [100]. The program
was used to perform the most important calculations using GeoAl. ArcGIS Pro enables the
use of deep learning geoprocessing tools; however, this requires installing Deep Learning
Libraries [101].

4.2. Data Pre-Processing

Data pre-processing is the procedure of preparing raw data before using it in analysis,
modeling, or other data processing tasks. It consists of several steps aimed at improving data
quality, eliminating errors, standardizing the format and preparing data for further analysis.
Data pre-processing is a key step in the data analysis process, because the quality of
processed data directly affects the quality of analysis results and the effectiveness of machine
learning models.

4.2.1. ArcGIS Pro

Initial pre-processing was performed in ArcGIS Pro, which was described in the
previous chapters. This included clipping the data to the extent of the Swedish boreal zone
and filling in missing information on fire dates. The data was then re-trimmed into smaller
polygons as described in 3.1.3. Divided Study Area. Cropped data representing fires in boreal
forests and the Hot Spot Analysis tool (Getis-Ord Gi*) [102] were used to identify these
polygons. Hot spot analysis is a spatial analysis technique that is used to identify areas with
high or low density of a phenomenon compared to its surroundings. This tool involves
identifying clusters of high or low values in spatial data. This is useful in geospatial data
analysis, helping to discover spatial patterns and locate areas that differ significantly from the
spatial average. On their basis, three polygons were created, representing large fires,
combinations of large and small fires and small fires, respectively. This saved computational
time on large datasets while preserving the different characteristics of fires occurring in the
Swedish boreal forests over the years studied.
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A 100 m x 100 m fishnet grid was also created in ArcGIS Pro for each of these
polygons. The purpose of this step was to assign values representing burned areas (value 1)
and unburned areas (value 0) to each of the individual fishnets. However, this pre-processing
step resulted in a very unbalanced machine learning dataset, with approximately 80% of the
data being unburned areas and the remaining areas being burned areas. To obtain a more
balanced dataset, a 200 m buffer was created for each polygon representing burned areas.
This buffer area was assigned as unburned areas in later calculations. A 100 m x 100 m fishnet
grid was then overlayed on the layer (Figure 9). However, the buffer created in this way could
potentially cause errors by including water areas to the analyses. Water can reflect radiation
in a way that could be misinterpreted as fire activity. The reflection of sunlight off the water
surface can lead to false signals that may be misidentified as fires. Therefore, it was decided
to remove fishnets that overlapped with areas of water, using the National Land Cover
Database [103]. This database is in the form of a raster, which contains 25 thematic classes,
including, among others, classes of water bodies, with a resolution of 10 m. The raster was
converted to a polygon and classes representing water bodies of interest were isolated. Then,
based on their position, the fishnets that overlapped the water layer were removed (Figure
10). This process resulted in, a balanced set representing burned and unburned areas (Figure
11). These steps were repeated for all years included in the analysis and all areas, and the
results were polygons with an overlaid fishnet mesh, which were exported as shapefiles to
Google Earth Engine. Google Earth Engine operates in the WGS84 coordinate system, so the
export process involved a transformation from the local SWEREF99 coordinate system.
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Figure 9. Example of a polygon representing burned area and unburned area. The zoomed-in section
of this region shows the burned (red) and unburned (green) areas in detail.
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Figure 10. From left: date before clipping, in the middle: date with water layer applied,
on the right: date after clipping.
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Figure 11. Example of a polygon representing burned area and unburned area after clipping.

The zoomed-in section of this region shows the burned (red) and unburned (green) areas in detail.
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4.2.2. Google Earth Engine

Satellite data is subject to many errors and distortions. Depending on the satellite and
image collection selected for calculations, the data pre-processing steps may differ. In this
study case, the Harmonized Sentinel-2 MSI: Multispectral Instrument, Level-2A dataset [104]
was selected, which provides surface reflectance data corrected for atmospheric distortions
and radiometric effects. However, even after atmospheric correction, there may be areas
affected by shadow or cloud cover. Therefore, a cloud and shadow masking algorithm were
used to exclude these areas from the analysis. Additionally, a water mask was also added
using the European Space Agency (ESA) WorldCover 10 m 2020 product [105]. These pre-
processing steps were repeated for all polygons in each month of the 2018 and 2020-2023
fire season, respectively.

4.3. Machine Learning

Machine learning is a field of artificial intelligence that allows computers to learn and
make decisions based on data. In scientific work related to fire mapping and satellite data
analysis, machine learning models are used, among others, to segment burned areas. In
addition, their use helps to assess the effects of fires on vegetation and create maps of the
extent of fires, which improves the precision and efficiency of these tasks. Thanks to the
continuous development of machine learning technologies and methods, it is possible to
create increasingly advanced and accurate models that can process and analyze data in real
or near real time. This, in turn, allows for faster response to threats and better preparedness
for future incidents, which is crucial in the context of the increasing frequency and intensity of
fires around the world.

4.3.1. Sentinel-2 Derivatives for Burned Area Mapping

Sentinel-2 derivatives were selected based on an extensive literature review (see
section 2.2.1. Indices used for detecting burned areas). The primary focus was on vegetation
indices and indices specifically designed to highlight burned areas (Table 3). Additionally,
some water indices were included (Table 3) to aid in the identification and masking of water
bodies. Most studies analyzing forest fires and burned areas use only spectral features in the
analysis of data from satellite images. However, spatial features can also be important and
enrich the analysis. Therefore, textures features based on GLCM (Grey-Level Co-occurrence
Matrix) (Table 4) were analyzed using bands, which are most important for mapping fires (i.e.
bands 4, 8, 11 and 12). Furthermore, the original Sentinel-2 satellite bands, described in
section 3.2.3. Sentinel-2 Data, were used directly for the analyses.

27


https://www.zotero.org/google-docs/?aynVfw
https://www.zotero.org/google-docs/?sVqaBL

Table 3. List of indices used for feature importance, including vegetation, water and soil indices.

Index

By + B, + 0.162472

Index Abbreviation Formula Source
: : . Bg—B,
Normalized Difference Vegetation Index NDVI —_— [47]
Bg+B,
Second Normalized Difference Bi,—B
v - NDVI 2 12 8 [50]
egetation Index By,+Bg
Green Normalized Difference Vegetation Bg—B3
Index GNDVI Bg+B; [51]
Second Green Normalized Difference GNDVI 2 B;—B; 51
Vegetation Index B;+B3 [51]
Blue Normalized Difference Vegetation Bg—B,
Index BNDVI Bg+B, [52]
Transformed Vegetation Index TVI VNDVI + 0.5 [57]
. : B,
Ratio Vegetation Index RVI B [44]
8
Ashburn Vegetation Index AVI 2% Bgg — B, [106]
. Bg * B,
Chlorophyll Vegetation Index CVI (B2)? [60]
3
Difference Vegetation Index DVI 24 xBg— B, [61]
Enhanced Vegetation Index EVI 25+ (m) [53]
Second Enhanced Vegetation Ind 24 (225 [55]
econd Enhanced Vegetation Index 4 x (——
g Evi2 BotBy + 1
Second Enhanced Vegetation Index Bg—B,
254 (-———r
(changed) EVi2.2 (Bg+2.4 * By + 1) [56]
Soil-Adjusted Vegetation Ind 1.5 % ( B 5. ) 62
oil-Adjusted Vegetation Index S*(————
j g SAVI Bg+B, + 0.5 [62]
Modified Soil-Adjusted Vegetation Index MSAVI St (AL R L LY [63]
S d Modified Soil-Adjusted Vegetation ;
econ odirie ) g MSAVI 2 2%Bg+1— /(2 By + 1)? — 8+ (By — By) [63]
Index
Transformed Soil-Adjusted Vegetation TSAVI 1.22 % (B — 1.22 * B, — 0.03) [64]
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Index Abbreviation Formula Source
Optimized Soil-Adjusted Vegetation Ind 116+ — 28— Bs 65
- . —
ptimized Soil-Adjusted Vegetation Index OSAVI B.+ B, 1016 [65]
Green Optimized Soil-Adjusted Vegetation Bg — B3
_— 65
Index GOSAVI By + Bs + 0.16 [65]
Aerosol-Free Vegetation Ind Bsa—0.66 By [107]
erosol-Free Vegetation Index
g AFRI Bgy+0.66 * By,
. Bgq—0.5 % By,
Aerosol-Free Vegetation Index 2.1 ARFIl 2.1 _— [107]
Bga+0.5 * By,
n*(1-025%n)— B, —0.125
1-B,
Global Environment Monitoring Index GEMI where n = [68]
2%Bs?— B2+ 15%Bs+05+B,
Bs + B, + 0.5
. B,
Char Soil Index csl — [106]
B12
f 2 2
Brightness Index BI (Ba)” + (B3) [40]
2
i V(B)? + (B3)? + (Bs)?
Second Brightness Index BI 2 4 33 8 [40]
1
Burned Area Index BAI 0.1+ B,)2 + (0.06 + By) [70]
. 3%*Bj; —2%By; —3xB;
Analytical Burned Area Index ABAI 378, 1278, F3°B, [72]
(1_ 86*87*8,3&)
Burned Area Index for Sentinel-2 BAIS 2 BJ_B o [71]
()
Mid-infrared Burn Index MIRBI 10 * By, — 9.8 % By, [106]
Normalized Burn Ratio NBR Fa—bhz [108]
(812 - BBa - B4- - B3)
Normalized Burn Ratio Plus NBR+ 46
(Bur +Boa ¥ Ba+By)| 1O
. B{,—B;; —0.02
Normalized Burn Ratio-SWIR NBRswir (B12= By ) [109]
. . B3—Bg
Normalized Difference Water Index NDWI [110]
B;+Bg
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Index Abbreviation Formula Source

Modified Normalized Difference Water B3—Bi4
MNDWI - [111]
Index B3+B4

Automated Water Extraction Index not

4+ (B3 —Byy) —
dominant shadow AWEInsh (0.25 % Bg + 2.75 * By) [112]
Automated Water Extraction Index
B, +25%B;— 15
. AWEIsh AR [112]
dominant shadow * (Bg + B11) —0.25x By,
Table 4. List of GLCM texture used for feature importance [40].
Name Abbreviation Bands Formula
N-1N-1
: B4, BS, @) *PUJ) —pa*py
P )
Correlation CORR B11,B12 | 2 2 o 0 9))
i=0 j=0
N-1 N N
B4, B8, ZZZ 2 1: el
Contrast CONTRAST B11 B12 Z n p(i, )5 li—jl=n
n=0 i=1j=1
N N
. B4, B8, . 2
Variance VAR B11, B12 Z 2(1 w4 P(,j)
i=1j=1
B4, B8 < < ’
Difference Variance DVAR B11, B12 <i — z ipx_y(i)D
i=2 i=2
N-1N-1 1
B4, B8
| Diff M IDM ' ' —P(,j
nverse Difference Moment B11, B12 z 1T =) (i, )
i=0 j=0
N N
B4, B8, . 2
Angular Second Moment ASM B11 B12 Z Z P(i,j)
i=1j=1
B4, B8 S
Sum Average SAVG B11, B12 Z [Py 4y (D)
i=2
B4, B8 = - ’
Sum Variance SVAR B11 B12 z (i — z iPx+y(i)D
i=2 i=2
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N-1N-1
Entropy ENT BB:,LAi IZ?LZ - Z Z P(i,j) * log(P(i.)))
i=0 j=0
2N
Sum Entropy SENT BBli BB?LZ — Z Py (D) log (Px+y (i))
i=2
N-1
Difference Entropy DENT BB;S BB?Z - Z Pyyy(i) log (Px+y(i))
i=0
N N
Dissimilarity DISS BBS’, 8881'2 Z Zli —jlP@, )
i=1j=1
N-1N-1
Inertia INT BBS’, 5881'2 Z (i—)?*P(>,))
i=0 j=0
N-1N-1
Cluster Shade SHAD BBl‘l” 8581'2 (i+) — e — 1)+ PG J)
=0 j=0
N-1N-1
Cluster prominence PROM BE:)LAi BB?LZ Z (i +j— Uy — ,uy)4 * P(1,7)
i=0 j=0

4.3.2. Zonal Statistics

The calculations were made using the Google Earth Engine platform. Sentinel-2
satellite images with pre-processing, described in subsection 4.1.2. Google Earth Engine was
used for the analysis. The analysis was performed for the years: 2018, 2020, 2021, 2022 and
2023. The data was filtered so that the photo with the least number of clouds from September
was selected for each year. This month was chosen because the data included fires from the
summer months, which are typical months for wildfires in Sweden. When choosing September
for analysis, it is sure that the data would contain pixels representing both burned and
unburned areas. The region of interest was defined as imported Feature Collection polygons
with fishnet overlay, which are described in Section 4.1.1. ArcGIS Pro. Then, all indices for
analysis described in subsection 4.2.1. Indices used in the process were calculated. After
calculating the indicators, zonal statistics were analyzed. Zonal statistics is a spatial analysis
technique that involves calculating statistics for the values of raster attributes in a selected
area of interest. Data were calculated for each fishnet, for each area and in each year.
Calculations were performed on divided data due to the high importance of the calculations.
The chosen zonal statistics were the arithmetic mean (Figure 12) and standard deviation
(Figure 13). The data was exported as csv format files. They were then merged into one large
database in python using Pandas Library and the .merge() -function and exported again to
ArcGIS Pro.
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The mean is calculated as:

=i
Il
=

Where:

X = mean

Xi = observed values

N = number of observations
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Figure 12. Example of mean zonal statistics [113].

The standard deviation is calculated using the following formula:

N
o= |— X;i— X
N ¢ ¢
=1
Where:
o = standard deviation
Xi = observed values
X = mean
N = number of observations
11 11 08 | 08
05| 05
08 | 05
0O | 0B | 11 11
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[] value = NoData

[] value = NoData

Figure 13. Example of standard deviation zonal statistics [113].
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4.3.3. Random Forest Classification

In order to identify the most important indices for further analysis, the Forest-based
and Boosted Classification and Regression tool in ArcGIS Pro was used [114]. It is a machine
learning tool that creates models based on known values from a training data set. These
models can then be used to predict unknown values in a dataset with the same explanatory
variables. The tool creates models and generates predictions using one of two supervised
machine learning methods: an adaptation of the Random Forest algorithm developed by Leo
Breiman and Adele Cutler [115], and Extreme Gradient Boosting (XGBoost), a method created
by Tiangi Chen and Carlos Guestrin [116].

For the purposes of this project, the first of the above-mentioned models was used.
Random Forest is a model consisting of many independent decision trees that together create
a forest, i.e. a set of trees. Each tree is created from a random subset of the training data and
explanatory variables. Aggregating predictions from the entire forest helps avoid overtraining
the model on the training data because the final prediction is not based on a single tree.

The fire column was selected as the variable to predict, i.e. the column containing
information whether a given area was burned (value 1) or not burned (value 0). The variable
to predict was treated as categorical, which meant that it was a classification, not a regression.
Initially, various model configurations were tested. Selecting the appropriate settings was a
trial-and-error process. It was noticed that regardless of the chosen configurations, the most
important variables are always in such an order that the arithmetic mean is more important
than the standard deviation. It was decided to reject the standard deviation calculated for the
indices. Furthermore, it was noted that the validation of GLCM is low. The Matthews
correlation coefficient (MCC) is used to evaluate model performance in the context of
hyperparameter optimization. This rate takes into account true positives and true negatives as
well as false positives and false negatives, providing a balanced measure of the model's
performance even when classes are of different sizes. In this case, the results gave a value
of 0.58, which meant that the model's effectiveness was not very good and the GLCM indices
were also rejected as variables included in the analyses. However, after excluding these
variables, 49 variables were still included in the analyses. Data reduction also improved the
efficiency of the model by reducing computation time and volume. The variables were added
as Explanatory Training Variables. It is a list of fields representing the explanatory variables
that help predict the value or category of the Variable to Predict value. Different configurations
involved calculating models for different numbers of trees values and then comparing the
results of the obtained model. Computation time and computer resources were also taken into
account. Although more trees may improve performance, this may not be practical given the
resources available. The model was checked for: 100, 200, 250, 300 and 400 trees and one
value were selected based on the results obtained. Data Available per Tree was set to 70%.
This means that each tree in the forest will be trained on a randomly selected sample
consisting of 70% of the training data. This increased the diversity of trees in the forest, leading
to better generalization of the model because each tree will have a different view of the data.
With so much data added to the analysis, training trees on different subsets of the data can
help reduce overfitting because each tree will be less likely to remember specific features of
the full dataset. Moreover, it improved the calculation efficiency by reducing the calculation
time. 10% of training data was excluded for validation. This means that 10% of the Input
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Training Features values was reserved as the test dataset for validation. The model was
trained without this random subset of data, and the model predicted values for those features
was compared to the observed values. It is the default value in this ArcGIS tool. The above-
mentioned MCC score, as well as F1-Score, Sensitivity and Accuracy were used for validation.

The MCC is calculated using the following formula:

TP +«TN — FP xFN

MCC =
J(TP +FP)(TP + FN)(TN + FP)(TN + FN)

Where TP stands for number of true positives, TN is the number of true negatives, FP is the
number of false positives and FN is the number of false negatives. MCC is particularly useful
in binary classification, and values of MCC can range from -1 to 1. Values close to -1 indicate
inconsistency between prediction and observation, while values equal to 1 indicate perfect
prediction.

F1-Score is a measure of a model's performance used in classification tasks. It combines two
important metrics: precision and recall. The F1-Score is the harmonic mean of precision and
recall, providing a balanced measure when there is an uneven class distribution. It is
calculated as follows:

Precision*Recall

F1-Score = 2 *

Precision+Recall

Precision is the percentage of correct positive predictions out of all positive predictions that
were made. The F1-Score ranges from 0 to 1, where 1 indicates perfect precision and recall,
and 0 indicates the worst possible performance.

Sensitivity, also known as Recall, is a measure of a model's ability to correctly identify
positive instances in a classification task. It is the percentage of correct positive predictions
out of all actual positive cases.

TP

Sensitivity TP+ FN
Sensitivity ranges from 0 to 1. A sensitivity of 0 means the model fails to identify any true
positives, classifying all actual positive instances as negative. A sensitivity of 1 means the
model perfectly identifies all true positives, with no false negatives. Values between 0 and 1
indicate the model's varying degrees of ability to identify true positives, with values closer to 1
showing better performance in correctly identifying positive instances.

Accuracy is a measure of a model's overall ability to correctly classify instances. It is calculated
as the ratio of correctly predicted instances (both true positives and true negatives) to the total
number of instances.

TP+TN
TP+TN+FP+FN

Accuracy =
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Accuracy also has values in range between 0 and 1. The value of 1 indicates perfect accuracy,
where all predictions are correct. On the other hand, the value of O indicates no correct
predictions at all. Values between 0 and 1 indicate varying levels of accuracy, with higher
values representing better overall performance.

4.4. Deep Learning

Deep learning is an advanced form of machine learning that uses artificial neural
networks to process large amounts of data and extract complex patterns from it. Deep learning
has revolutionized the analysis of geospatial data, as it enables the automatic and highly
accurate recognition of patterns and objects in satellite imagery and other spatial data, which
previously required a lot of manual work and was less accurate. Deep learning can be used
to analyze data after wildfires by training models with a selected model or deep learning
models, allowing rapid and accurate identification of affected areas, damage assessment and
monitoring of land regeneration.

4.4.1. Data Pre-Processing

After analyzing the most important variables based on the Random Forest machine
learning model, the top 5 derivatives were selected. Based on these, three new composite
bands were created: containing the top 3 variables, the top 4 variables and the top 5 variables.
In order to do this, the analysis started by downloading satellite images that had been pre-
processed (see section 4.1.2. Google Earth Engine). The images were exported as rasters in
tif format. The image scale was set as 10. This means that each pixel will represent an area
of 10 meters x 10 meters. Google Earth Engine has a limitation on the number of pixels that
can be exported in a single job to prevent overloading the system. Therefore, this parameter
was set to “1e13’, which makes use of the maximum number of pixels for export. The process
was repeated for all years taken for analysis and the exported rasters were opened in ArcGIS
Pro.

ArcGIS Pro calculated pyramids, histogram and statistics automatically. Raster
pyramids are data structures used to increase the efficiency of displaying and processing large
rasters. They are coarse representations of the original image at different levels of detail. Each
level of the pyramid is a reduced version of the original raster, with decreasing resolution at
each successive level. A histogram, on the other hand, is an analytical tool that represents the
distribution of pixel values in a raster image. The histogram is a graph that shows the number
of pixels for each possible pixel value. After these calculations, the raster was visualized in
the software. The first step was to reproject the raster to the WGS 84 UTM coordinate system.
A pixel resampling to a scale of 10 meters was also performed to make sure that all rasters
used had the same resolution. New rasters were then calculated that contained the top 3, top
4 and top 5 of the most important variables, respectively. This was done using the composite
bands tool, which makes it possible to create a single raster dataset from multiple bands or,
as in this case, multiple indices (Figure 14). The data were saved in tif format.
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Figure 14. Work flow of the composite bands’ raster process based on 3 single indices rasters.
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4.4.2. Training Deep Learning Model

To train the Deep Learning Model, the “Training Deep Learning Model” tool available
in the Image Analysis environment in ArcGIS Pro was used. This tool trains a deep learning
model by using a training dataset. The model type was selected as UNet. UNet is a popular
neural network architecture that was designed in 2015 for medical image segmentation [117],
but has been successful in other applications as well. The architecture consists of two parts:
a contracting path and an expanding path. The contracting path is the encoding section, which
performs convolution and pooling operations to reduce the spatial size of the image and
extract deep features. The expanding path is the decoding section, which restores the spatial
size of the image using upsampling operations, often using transposed convolutions, and
combines with the corresponding features from the contracting part to obtain an accurate
segmentation. It was decided to create three models: for the top 3 variables, the top 4 variables
and the top 5 variables, without dividing by years. Folders containing the image elements,
labels and statistics required to teach the model - the output from the Export Training Data for
Deep Learning tool (Figure 15) - were implemented as Input Training Data.

The hyperparameters of the model were then started to be selected. Batch size is the
number of data samples the model processes simultaneously before updating its weights. For
this project, it was decided to set a value of 16. This choice is mainly argued by the fact that
most of the burned areas are very small in size, however, there are also large burned areas.
Processing smaller batches of data can lead to more variety in training, which can improve
the model's ability to generalize to new data. In addition, a smaller batch size uses less
Graphics Processing Unit (GPU) memory, which was key to realizing the project. The
backbone of the model, refers to the underlying architecture of the network, which is used as
a foundation for building a more complex model. In the context of U-Net, backbone refers to
the part of the network that is responsible for downsampling. The backbone is therefore
responsible for feature extraction from the input image. In this case, ResNet34, which has
been trained on large datasets such as ImageNet, was chosen, allowing the effective use of
layers to extract visual features. Another parameter was the number of epochs, which refers
to the number of complete passes through the entire data training set during the model training
process. There is no singular, universal number of epochs that is best for every application.
The optimal number of epochs depends on the data, the model and the specific requirements
of the project. In this case, it was initially decided to use the default value suggested by the
tool, which is 20.

Unfortunately, even with such a small number of epochs, major problems were faced.
The computer used was unable to run the model. After changing to a computer for one with a
better GPU and more random-access memory (RAM) memory, it was possible to perform the
calculations, but only on a number of epochs equal to 20. Increasing the number of epochs
caused issues, which is why the decision was made to use the GPU cluster available in
Geoinformatics group to complete this task. The number of parameters was increased to 500,
while the other parameters remained unchanged.
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Figure 15. Data used for Deep Learning. Red polygons represent burned areas, green polygons
represent unburned areas and black polygons represent water bodies that were masked.

4.5. Thresholding of Differenced Normalized Burn Ratio (ANBR)

In order to validate and compare the deep learning model with traditional methods, the
Differenced Normalized Burn Ratio (ANBR) was calculated. Normalized Burn Ratio (NBR), as
explained earlier, is an indicator used to assess the condition of vegetation and identify burned
areas. The dNBR is the difference between pre- and post-fire NBR values, calculated by
subtracting the post-fire NBR from the pre-fire NBR. For Sweden, the forest fire season
typically begins in late May and ends in September. The calculations were made in Google
Earth Engine, including pre-processing of satellite images. After calculating dNBR, the next
step was to determine thresholds, for binary classification, which involves applying specific
thresholds to dNBR values to classify areas as burned or unburned. The selection of
thresholds was performed by a trial-and-error method, ultimately settling on a threshold value
of 0.3. After applying the threshold, the dNBR values for the entire area were compared with
the established thresholds, creating a binary map of burned and unburned areas.



5. Results and Analysis

In this chapter, the results of the research carried out will be presented and analyzed
in detail. The aim of this chapter is not only to present the results obtained, but also to interpret
and analyze them.

5.1. Machine Learning - Feature Importance

When the Machine Learning model was created, it was possible to evaluate that model.
The messages and graphs were obtained to help understand the characteristics of the model
and assess its performance. As it was mentioned earlier (see 4.3.2. Random Forest
Classification) several different model settings were checked. Based on the messages
obtained, the characteristics of the models (Table 5, Table 6) were compared and the most
optimal model in terms of its diagnostic and calculation time was selected. Each model was
calculated for the same percentage of samples taken for training, testing and validation.

Table 5. Training Data: Classification Diagnostic (all categories). F1-Score, MCC (The Matthews
correlation coefficient) and Accuracy scores obtained for different models.

Number of trees in model F1-Score MCC Accuracy
100 0,99 0,98 0,99
200 0,99 0,98 0,99
250 0,99 0,98 0,99
300 0,99 0,98 0,99
400 0,99 0,99 0,99

*Predictions for the data used to train the model compared to the observed categories for those features

Table 6. Validation Data: Classification Diagnostic (all categories). F1-Score, MCC (The Matthews
correlation coefficient) and Accuracy scores obtained for different models.

Number of trees in model F1-Score MCC Accuracy
100 0,88 0,76 0,88
200 0,90 0,80 0,89
250 0,89 0,78 0,89
300 0,88 0,76 0,88
400 0,89 0,78 0,89

*Predictions for the test data (excluded from model training) compared to the observed values for those test features
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The results presented above are only some of the characteristics that were obtained
and compared, however, already on the basis of these results it is possible to justify the choice
of model. Although the classification of training data proceeded almost the same for each
performance matrix, the classification of validation data already made notable differences. The
model with 200 trees produced the most advantageous results for both training data and
validation data. Additionally, an important factor was the short calculation time, which was 1h
41 min for one trial. The full classification diagnostic for the model with 200 trees (Table 7) is
shown below.

Table 7. Training Data: Classification Diagnostic (model with 200 trees). F1-Score, MCC (The Matthews
correlation coefficient), Sensitivity and Accuracy scores obtained for different class based on training
data.

Category F1-Score MCC Sensitivity Accuracy
Unburned (0) 0,99 0,98 0,99 0,88
Burned (1) 0,99 0,98 0,99 0,90
All 0,99 0,98 NA 0,89

*Predictions for the data used to train the model compared to the observed categories for those features

The information regarding Out of Bag Errors (OOB) was also obtained (Table 8). In
this case, the predicted variable is qualitative (it is treated as a categorical variable), so OOB
errors are calculated based on the percentage of misclassifications for each category among
trees that did not see a subset of trees in the forest. The percentage of OOB misclassifications
for each category is printed in the resulting geoprocessing message. The Mean Square Error
(MSE) of the classifications is also calculated, which can be interpreted as the overall
percentage of OOB misclassifications across all categories.

Table 8. Model Out of Bag Errors (model with 200 trees) based on training data.

Number of Trees 100 200

MSE 11,379 11,104
Unburned (0) 11,899 11,585
Burned (1) 10,895 10,657

As a result of the classification performed with the model, 42983 out of 43788 features were
correctly classified (Figure 16). The classification was performed on a balanced dataset with
a similar number of polygons representing different classes. Of the 22,638 variables that
represent burnt areas (value 1), 22213 were correctly classified. On the other hand, out of
21150 variables that represent unburned areas (value 0) 20770 were correctly classified.
These data were visualized as a confusion matrix (Figure 17). The confusion matrix is a tool
used to assess the performance of classification models. It is a matrix that visualizes the
results and classifications made on the test set. Classification prediction is 97.99% for
polygons representing unburned areas and 98.32% for polygons representing burned areas
(Figure 18).
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Figure 16. Example of the results of Random Forest classification. Orange polygons represent
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Figure 17. Confusion matrix chart of Random Forest model with 200 trees, based on training data.
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Figure 18. Prediction performance of Random Forest model with 200 trees, based on training data.

The main purpose of using the Machine Learning architecture was to extract feature
importance. The Top Variable Importance table lists the variables with the highest importance
scores (Table 9). Variable importance is a diagnostic tool that helps to understand which
variables affect the performance of the model. In this case, all data were used to train and
examine the importance of each explanatory variable. The data was also presented as a graph
(Figure 19). The top 5 Sentinel-2 derivations were selected: NBR, NDVI2, NBRswir, MIRBI
and RVI.

Summary of Variable Importance
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Figure 19. Variable importance of Sentinel-2 derivatives for mapping burned areas using a Random

Forest model. The variables are ranked by their importance, with the Normalized Burn Ratio (NBR)
being the most influential.

%
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Table 9. Summary table of the percentage importance of the various Sentinel-2 derivatives used to
calculate the importance variable for mapping burned areas.

Variables (mean) Importance (%)
NBR 54,23
NDVI2 53,63
NBRswir 52,23
MIRBI 51,57
RVI 50,54
NBRplus 50,54
ABAI 48,76
BAI 46,42
NDswir 42,91
B4 42,79
BAIS2 41,60
B12 39,18
AWEIsh 38,49
CVI 36,33
B2 34,15
B1l 32,26
Bl 32,03
MSAVI 31,26
AWElInsh 30,76
GNDVI2 30,59
RI 29,69
GEMI 28,92
BNDVI 27,60
B5 27,38
MSAVI2 24,85
TVI 24,56
AFRI 24,52
EVI2chnaged 24,40




Variables (mean)

Importance (%)

BI2 23,96
B8a 23,71
B3 22,51
B8 22,16
AVI 22,13
B7 21,99
B6 21,74
DVI 20,56
GOSAVI 19,96
GNDVI 19,92
NDWI 19,71
B9 19,59
Csl 18,23
AFRI2 18,11
MNDWI 17,59
TSAVI 14,09
EVI2 13,96
NDVI 13,89
SAVI 13,76

As mentioned earlier, validation was performed using 10% of the database data, i.e. 4,378
elements (Table 10). The data was selected randomly, but nevertheless a balanced number
of elements representing burnt and unburnt areas was achieved. Validations were performed
on the basis of one and three iterations. The accuracy of the validations is 90.05% for burnt
areas and 89.71% for unburnt areas (Figure 20). A classification diagnostic was also
performed for the data used for validation. The F1-Score is 0.90, the MCC is 0.80, the
Sensitivity is 0.80 and the Accuracy is 0.89 for both individual classes and for all data taken
for validation (Table 11).

Table 10. Classification of prediction of data taken for validation.

Category unburned (0) burned (1)
unburned (0) 1917 220
burned (1) 223 2018
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Table 11. Validation Data: Classification Diagnostic. F1-Score, MCC (The Matthews correlation
coefficient), Sensitivity and Accuracy scores obtained for different class, based on validation data.

Category F1-Score MCC Sensitivity Accuracy
Unburned (0) 0,90 0,80 0,90 0,89
Burned (1) 0,90 0,80 0,90 0,89
All 0,90 0,80 NA 0,89

*Predictions for the test data (excluded from model training) compared to the observed values for those test features
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Figure 20. Validation performance of burned and unburned areas based on validation data.
Classification results are satisfactory. Validation and classification have been diagnosed and
is at a high level. The main objective of using this Machine Learning architecture has been

achieved. Based on the model prediction results, the top 5 variables were selected for further
analysis using another GeoAl model, the UNet architecture.
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5.2. Deep Learning

All learning models of the deep learning model had the same values set in terms of
number of epochs (500), batch size (16) and the same backbone (ResNet34). The differences
in the individual models relate to the rasters on which the model was based. Three different
models were created: one for a dataset composed of 3 top variables, one for a dataset
composed of 4 top variables and one model for a dataset composed of top 5 variables. This
subsection will focus on the model results for the different datasets and on testing the model
against the top results.

5.2.1. Results for Top 3 Variables

As a result of the UNet created for raster with top 3 variables (NBR, NDVI2, NBRswir),
a model was obtained capable of receiving new raster images and generating segmentation
masks for them. The final result is to predict for each image pixel which class belongs to it,
which in practice means a segmentation mask applied to the original image. Satisfactory
results were obtained [table 11]. 2443 training data were used for training, while 10% of the
data, i.e. 271 data samples, were used for validation. Classes were defined as burned areas,
unburned areas and NoData, which represented the superimposed water mask.

One of the key parameters that affects the effectiveness of the model's learning
process is the learning rate. Learning rate is a value that determines how large steps the model
takes when updating its weights. Too high a learning rate can lead to unstable learning, where
the model misses optimal solutions by taking too many steps. On the other hand, too small a
learning rate can cause the model to learn very slowly, increasing the training time. In the
graph shown (Figure 21), it can be seen how the learning rate affects the loss of the model.
The optimal learning rate is marked as a red point on the graph. For this learning rate value,
the model learns most efficiently. With a correctly chosen learning rate, both training loss and
validation loss systematically decrease and stabilize. Training loss and validation loss is
decreasing and stabilizing with more epochs, meaning that the model appears to learn
effectively (Figure 22). Training loss is a measure of model error calculated from training data.
It determines how well the model predicts responses on the data it learns from. The training
process seems stable and consistent. Validation loss, on the other hand, is a measure of
model error calculated from a validation data set that is not used to train the model, but to
evaluate it. If the model generalizes well, validation loss should decrease as the model is
trained, but may start to increase if the model starts to learn on the training data, which is a
signal of overfitting. In this case, no significant features of this phenomenon were observed.
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Figure 21. Learning Rate performance (top 3 variables). The optimal learning rate is marked as a red
point on the graph.
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Figure 22. Validation Loss and Train Loss Performance (top 3 variables) based on training data.

It was also verified how the Dice Coefficient value behaves as the number of epochs
increases (Figure 23). Dice Coefficient measures the similarity between two sets: the predicted
segmentation mask and the actual situation mask, by calculating the overlap between them.
The values of this coefficient range from 0 to 1, where 0 means no overlap between the
predicted and actual masks and 1 means perfect overlap between these masks. In this case,
as the number of epochs increases, the dice coefficient increases and stabilizes, indicating a
steady improvement in segmentation accuracy. The mean value of 0.566 and the relatively
low standard deviation indicate the stability and reliability of the model.
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Figure 23. Dice Coefficient Performance (top 3 variables), based on training data.

The validation process was performed for each of the selected classes based on
Precision, Recall and F1-Score (Table 12). The metrics are explained in subsection 4.3.2.
Random Forest Classification, as they were also used in the validation process of the machine
learning model. Burned areas were predicted with great results. The U-net model performs
very well in identifying pixels as burnt areas and water areas with high precision, sensitivity,
F1-Score and loU results. 10U is calculated as the ratio of the area of intersection of two areas
to the area of their union. loU is used to evaluate the quality of image segmentation models,
where it assesses how well the predicted segmentation masks match the actual masks. All
the results for the unburned class are a little weaker, especially in terms of sensitivity,
indicating that the model has more difficulty in correctly identifying unburned pixels. However,
the model performs very well, suggesting its effectiveness.

Table 12. Validation metrics for the model with top 3 variables. Precision, Recall, F1-Score, loU scores
obtained for different class, based on validation data.

NoData Burned Unburned

Precision 0.980361 0.957162 0.875898
Recall 0.985338 0.971013 0.810414
F1-Score 0.982843 0.964037 0.841885
loU 0.967507 0.854821 0.689838
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Ground truth was also compared with predictions. Ground truth refers to the true,
certain data that were assigned to each image in the training data set as masks of the related
classes. Predictions, on the other hand, are the results generated by the model. These are
predictions that the model makes from the input data, which are also represented as masks
of the relevant classes. The ground truth was compared with the predictions to visually assess
the performance of the model, evaluating how well the model performs in predicting the actual
data based on its training on the training data. The colors of the different classes represented
by the masks were left as default. Red and pink in this case represent burned areas, green
represents unburned areas and black represents masked areas - water areas. By visually
assessing the model predictions, it can be said that very good results were obtained. The
accuracy of the prediction is satisfactory. Both burned areas and unburned areas were
predicted by the model very accurately (Figures 24-27).

Figure 24. Left column: Ground true data, right column: prediction data. Unburned areas represent as
green polygons, and burned areas represent as pink polygons.

49



Figure 25. Left column: Ground true data, right column: prediction data. Unburned areas represent as
green polygons, and burned areas represent as pink polygons.
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Figure 26. Left column: Ground true data, right column: prediction data. Unburned areas represent as
green polygons, and burned areas represent as pink polygons.
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Figure 27. Left column: Ground true data, right column: prediction data. Unburned areas represent as
green polygons, and burned areas represent as pink polygons.

5.2.2. Results for Top 4 Variables

In this section, the U-Net model created from a raster containing the 4 most important
variables NBR, NDVI2, NBRswir and MIRBI will be discussed. For this model, the number of
training data was equal to 2428. 10% of the dataset, which is 269 data, was used for validation.
Classes were also defined in the same way as in the model evaluated above, as: Burned,
Unburned, NoData. The model performance evaluation was also carried out in the same way.
The learning rate was calculated and the optimal step value was shown as a red dot on the
graph (Figure 28). Similar conclusions were drawn from the graph showing validation loss and
training loss against increasing number of epochs as in the previous model. The model learns
well, as a decrease in loss with increasing number of epochs and a stabilization of these losses
can be observed (Figure 29). In addition, similar values of the dice coefficient in relation to the
number of epochs were observed (Figure 30). The mean value of the dice coefficient is 0.546
and the standard deviation is 0.12, indicating the stability of the model. However, compared



to the previously described model for the 3 most important variables, the results are slightly
worse.
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Figure 28. Learning Rate performance (top 4 variables). The optimal learning rate is marked as a red
point on the graph.
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Figure 29. Validation Loss and Train Loss Performance (top 4 variables) based on training data.
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Figure 30. Dice Coefficient Performance (top 4 variables) based on training data.

Performance of the validation was the same as in a deep learning model with 3
variables. Three classes were distinguished: NoData, Burned and Unburned. The results are
good (Table 13). Better validation was obtained compared to the previous model, but the
conclusions that can be drawn from the results are similar. There is still room for improvement
for the class representing unburned areas.

Table 13. Validation metrics for the model with top 4 variables. Precision, Recall, F1-Score, loU scores
obtained for different class, based on validation data.

NoData Burned Unburned

Precision 0.981095 0.959277 0.881440
Recall 0.985488 0.972412 0.824546
F1-Score 0.983286 0.965800 0.852044
loU 0.970048 0.934509 0.754178

As in the previous model, ground truth and prediction were compared. In this case, the
blue color is used for the polygons representing the unburned areas and the purple color for
the burned areas. The areas representing water are marked as black. After visual analysis, a
very high prediction accuracy can be seen (Figures 31-35). All classes were segmented
correctly. Both areas affected by large fires and those affected by medium or small fires were
predicted correctly.
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Figure 31. Left column: Ground true data, right column: prediction data. Unburned areas represent as
blue polygons, and burned areas represent as purple polygons.
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Figure 32. Left column: Ground true data, right column: prediction data. Unburned areas represent as
blue polygons, and burned areas represent as purple polygons.



Figure 33. Left column: Ground true data, right column: prediction data. Unburned areas represent as
blue polygons, and burned areas represent as purple polygons.



Figure 34. Left column: Ground true data, right column: prediction data




Figure 35. Left column: Ground true data, right column: prediction data.

5.2.3. Results for Top 5 Variables

The third and final U-Net model that was analyzed is one created from a raster
consisting of the top 5 variables: NBR, NDVI2, NBRswir, MIRBI and RVI. The model was
tested on 2430 data. 269 data, that is approximately 10% of the data, were taken for validation.
Similar to previous models, three classes were distinguished: Burned, Unburned and NoData.
The learning rate was calculated, which resulted in the smallest value compared to previous
models (Figure 36). This means that smaller steps were taken - the model is slower, but highly
accurate. Also, similar to previous models, a train loss and validation loss graph was created
based on the number of epochs (Figure 37). Like in previous cases, it can be seen that the
learning of the model is correct and that there is no sign of overfitting. However, by comparing
the plot of dice coefficient values based on the number of epochs, with previous plots, some
differences are apparent (Figure 38). As in previous cases, the model shows a consistent
improvement in segmentation accuracy, as evidenced by the increasing dice coefficient over
epochs. The high mean value of 0.585, which was the highest base on previous models and
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the relatively low standard deviation of 0.125 indicate stable and reliable performance. The
maximum dice coefficient of 0.706 suggests the model is performing quite well, the best
compared to models with top 3 and top 4 variables.
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Figure 36. Learning Rate performance (top 5 variables). The optimal learning rate is marked as a red
point on the graph.
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Figure 37. Validation Loss and Train Loss Performance (top 5 variables) based on training data.
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Figure 38. Dice Coefficient Performance (top 5 variables) based on training data.

The validation process was performed the same as in the previous models. Three
classes were distinguished: NoData class represents water, Burned class represents areas
affected by fire and Unburned class represents areas without forest fires. As in previous
models, the sensitivity value for the unburned land class is lower than for the other classes,
which means that the model has some issues in correctly identifying unburned pixels.
Additionally, the F1-Score value for this class is lower than for the other classes included in
the analysis, suggesting that the model has bigger difficulty in maintaining high precision and
sensitivity for pixels representing unburned areas at the same time (Table 14).

Overall, the tuning and training of the model appears to be effective. The model presents the
best performance compared to the models described above. However, the minor variations in
validation loss suggest that there may be room for further fine-tuning, such as adjusting
learning rate, batch size and/or other hyperparameters to achieve more stable validation
performance.

Table 14. Validation metrics for the model with top 5 variables. Precision, Recall, F1-Score, loU scores
obtained for different class, based on validation data.

NoData Burned Unburned

Precision 0.983066 0.969910 0.902842
Recall 0.988914 0.974223 0.848005
F1-Score 0.985981 0.972062 0.864565
[(0]V] 0.974243 0.947170 0.785451
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As in the previous cases, the ground truth data were also compared with the
predictions. The colors of the different classes were left as default. The teal color in this case
represents burnt areas, while pink represents unburnt areas. Visually assessing the model's
predictions, it can be concluded that very good results were obtained. The accuracy of the
prediction is satisfactory. Both burnt and unburnt areas were predicted very successfully by
the model (Figure 39-41).

Figure 39. Left column: Ground true data, right column: prediction data. Unburned areas represent as
teal polygons, and burned areas represent as pink polygons.



Figure 40. Left column: Ground true data, right column: prediction data. Unburned areas represent as
teal polygons, and burned areas represent as pink polygons.
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Figure 41. Left column: Ground true data, right column: prediction data. Unburned areas represent as
teal polygons, and burned areas represent as pink polygons.

5.2.4. Testing the Best Model

The final step involved testing the model's performance using dataset that had not
been used in its training or validation. This evaluation was conducted using the “Classify Pixel
Using Deep Learning” tool in ArcGIS Pro, which applies a trained deep learning model to an
input raster to generate a classified raster. In this raster, each valid pixel is assigned a specific
class label [107]. The input for this process was a deep learning model package, formatted as
.dipk. The decision to use a model trained exclusively on a dataset containing the top 5
Sentinel-2 derivatives was based on its superior performance.

Key parameters were set for the operation: batch size at 16, tile size at 256, and
padding at 56 pixels (to blend predictions across neighboring tiles). The output consisted of
rasters distinguishing two classes: burnt areas and unburnt areas (Figure 42). The model was
tested across four temporal datasets: rasters from September of 2018, 2021, 2022, and 2023.
Figure 42 shows comparisons include ground truth data, thresholding results based on dNBR,
and areas classified using the UNet model for the top 5 Sentinel-2 derivatives in 2018.
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Figure 42. Comparison of fire classification methods across different locations and scales: ground
truth data (images a, d, g), results from thresholding method using dNBR (images b, e, h), and UNet
model predictions (images c, f, i). Red areas in all the images represent burned areas, while green
areas indicate unburned areas.

The UNet model’'s classification was notably successful. The model accurately
identified fires of various sizes, including large (Figure 42c), medium (Figure 42f), and very
small fires (Figure 42i), as verified against ground truth data (Figure 42a, d, g). In contrast, the
traditional thresholding method using dNBR did not achieve comparable accuracy (Figure 42b,
e, h). While thresholding is simple and effective, it tends to be less precise than advanced
deep learning models that better accommodate the complexity of the data and landscape
diversity. Visual comparisons between these two methods clearly demonstrate that the deep
learning-based approach yielded much more precise and accurate classifications.
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However, some discrepancies were observed where UNet model identified burned
areas not corresponding to ground truth polygons obtained from Swedish Forest Agency
(Skogsstyrelsen). These misclassifications might be attributed to unrecorded fires in the
dataset used for training and validation, such as agricultural or other types of fires (Figure 44).
Additionally, the dataset provided by the Swedish Forest Agency does not guarantee
comprehensive coverage of all burned areas, potentially leading to these misclassifications.

Moreover, the classifications were also compared with the second dataset (see
subsection 3.2.1) provided by the Civil Contingencies Agency (MSB), visualized as yellow
points on the map. This comparison revealed that some areas classified as burned by the
UNet model, which did not have corresponding ground truth polygons from the MSB, could
indeed represent actual burned areas caused by forest fires.

Figure 43. Examples of classification results that do not have their ground truth, but may also be the
result of forest fires. Red polygons represent areas classified as burned, and yellow dots represent
data from MSB.

Figure 44. Examples of classification results that do not have their ground truth, but may also be the
result different type of fires. Red polygons represent areas classified as burned, and yellow dots
represent data from MSB.
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6. Discussion

The results of the conducted thesis provide important information on the possibility of
mapping burned areas in Swedish boreal forests. This section will discuss the main
conclusions of the data obtained, their compatibility with previous studies and potential
practical and theoretical implications. In addition, limitations of the study and suggestions for
future research directions will be presented.

6.1. Significance of Obtained Results

The findings of the study are significant for understanding the influence of wildfires on
Sweden's boreal forests. Analysis of Sentinel-2 MSI satellite data from 2018 and 2020-2023
showed that the selected derivatives are effective in mapping burned areas. In reference to
research questions, the best segmentation results using deep learning were obtained for the
model that uses the top 5 Sentinel-2 variables. These derivatives were selected based on their
importance as determined by the Random Forest algorithm. Using the Random Forest model
reduced the number of variables that were used in the UNet deep learning model. As a result,
the UNet model was much lighter, streamlining the entire calculation, focusing only on the best
indices for a particular environment. Moreover, Sentinel-2 MSI data, thanks to their high spatial
and temporal resolution, allowed the study to be carried out with high accuracy. The top 5
variables that were selected include: NBR, NDVI2, NBRswir, MIRBI and RVI. All of these
indices use only red, near-infrared and short infrared bands in various combinations. The
results were expected, since according to the literature, these spectral channels are the most
favorable to distinguish burned and unburned areas (Figure 2).

Obtained data and performed analyses can provide a better understanding of the
dynamics of fires and their impact on the Swedish boreal forest ecosystem. This makes it
possible to identify not only the immediate effects of the fires, but also their long-term impact
on the structure and functioning of boreal forest ecosystems. GeoAl techniques, specifically
Random Forest and UNet, used in this study, have automated the detection of burned areas
and assessed their coverage with high precision. The findings from the project may be
applicable in the future, as they could help improve fire risk management in the future. For
example, accurate maps of burned areas can help develop fire prevention strategies and
respond more quickly and effectively to fires and their effects.

6.2. Comparison with Existing Methods

Comparing the results obtained in this study with other existing fire mapping methods,
it is possible to evaluate the effectiveness and innovation of the used approach. In the
literature, commonly used methods include both traditional remote sensing techniques and a
variety of machine learning and deep learning models.
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Many previous studies, as outlined in subsection 2.2. Utilization of Satellite Data for
Burned Area Detection, have used data from the Landsat [30-33], VIIRS and MODIS [26-29]
family of satellites to identify burned areas. These methods, although they are effective, have
a much lower spatial resolution, which can affect the accuracy of mapping small and scattered
burned areas, which is typical for the fires occurring in Sweden's boreal forests. In contrast,
the use of Sentinel-2 MSI data, which offers higher spatial resolution, allows for more precise
fire mapping [83,86], especially in the complex and diverse terrain that characterizes boreal
forests.

By comparing the GeoAl algorithms that have been used, like Random Forest [82,84]
and UNet [45,73], with other models used in similar studies, there are important differences.
Traditional methods, like methods focused solely on indices, may not achieve as high
precision in detecting burned areas as more advanced machine learning models [82]. Random
Forest and UNet algorithms have demonstrated high accuracy and efficiency in the analysis
of satellite data. In addition, the use of machine learning and deep learning algorithms in this
study makes it possible to automate the data analysis process, which is a noticeable
advantage over the more manual and time-consuming traditional methods. This automation
allows for faster and more efficient processing of large data sets, which is important for rapid
fire response and risk management.

6.3. Limitations

In every scientific analysis, it is essential to take into account the limitations that may
affect the results of the study and their interpretation. One of the key limitations was the range
that was taken into account. Despite the fact that the project uses a huge amount from 2018
and from 2020 to 2023, which represent both small and large fires, the data may not be fully
representative of a longer period of time. The Sentinel-2 mission used in this study began on
23 June 2015, when the first Sentinel-2A satellite was launched. There is not much scope to
extend the data to previous years without changing the used satellite mission. An additional
challenge has been the quality of the satellite data from Sentinel-2. This data, despite its high
resolution and frequency, is affected by atmospheric conditions such as cloud cover, which
can significantly reduce the quality and completeness of the data. In areas with frequent cloud
cover, fire detection and monitoring can be difficult, which introduces additional limitations to
the analysis.

Furthermore, the acquired datasets were limiting to the project in their scale and form.
The analysis of fire data provided by Myndigheten for samhéllsskydd och beredskap (MSB)
and Skogsstyrelsen encountered a number of challenges and limitations that may affect the
interpretation and generalization of the results. On the one hand, the MSB data contained a
significant amount of information about fires and their occurrence that would be beneficial for
improving deep learning models. However, the point representation of the data provided
insufficient amounts of information and was not representative of large fires. On the other
hand, Skogsstyrelsen offered data in the form of polygons. However, the dataset size was
several times smaller.
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Another important aspect that could have caused some limitations in the project were
elements of analyses using GeoAl. For Random Forest calculations, polygons overlaid with a
fishnet were necessary; however, for the Deep Learning model, polygons without overlaid
rectangular fishnet grids would have been more suitable, as the grids caused unnatural
boundaries in the ground truth polygons. While this did not cause errors, it may have affected
quality. It is possible that using polygons without fishnet would have performance with even
better results. Additionally, it is important to remember the limitations of the methods used.
Random Forest, despite its effectiveness in classification, can be prone to overfitting,
especially when analyzing complex spatial data. Due to time constraints, further evaluation of
different model settings was not conducted, and the settings that gave the best results among
those tested were used. For the same reason, GLCM textures were excluded from the
analyses. To avoid project delays, texture indices were excluded from the analyses due to low
model validation results. Time constraints did not allow for better tuning of hyperparameters.
Additional limitations are related to the Deep Learning model, particularly with computational
resources. Due to the lack of time and the heavy computational demands of processing large
amounts of rasters, it was not possible to include other hyperparameters of the model.

In addition, due to the time limitation, the model has not been tested on other
environments with similar characteristics, for example in the Finnish boreal forests. It is
uncertain whether the model would be able to map burned areas in another location with such
high precision. However, with a suitable ground truth database there is room for further
analysis.

6.4. Opportunities for Development and Further Research

The results of this study point to a number of opportunities for development and
directions for further research that can significantly contribute to improving fire mapping and
assessment methods.

One of these is to further improve the set-up of Random Forest and UNet. Future
research could also focus on improving the quality of modeling with texture indices and include
them in the analyses as well. Additionally, further research could focus on integrating these
advanced methods with other techniques to further improve the accuracy and usability of the
results obtained. In addition to Sentinel-2 MSI data, information from other satellite missions
such as Landsat, MODIS or data from radar satellites, for example Sentinel-1, can be used to
provide additional information, especially under conditions of limited visibility such as cloud
cover. In addition, photogrammetric and ground-based sensor data could support model
validation and calibration, increasing the accuracy of analyses.

In addition, future research could focus on comparing the Deep Learning (UNet) and
Machine Learning (Random Forest) methods for the top variables selected. This comparison
could reveal insights into the strengths and weaknesses of each approach, providing guidance
on the most effective methods for different scenarios. Assessing and comparing the accuracy,
precision, recall and F1 score of the UNet and Random Forest methods can help determine
which method performs better under different conditions and datasets. Assessing
computational requirements such as processing time and resource utilization of data is also
important and crucial in applications that require fast turnaround times. Integration with
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additional data sources, such as different satellite missions, ground sensors and
photogrammetric data, could assess the versatility of the models. Additionally. assessing the
strengths and weaknesses of the methods in different applications, like detection of small-
scale fires, which are very characteristic for Swedish boreal forests, could provide valuable
insights.

Moreover, focusing on dimensionality reduction could enhance the performance and
interpretability of machine learning models. Principal Component Analysis (PCA) is a widely
used technique that reduces the dimensionality of data while retaining most of its variance.
PCA transforms data into a set of linearly uncorrelated components, making the data easier
to visualize and models less complex while preserving essential patterns. The process
involves standardizing the data, calculating the covariance matrix, computing eigenvectors
and eigenvalues, and selecting the top components based on these eigenvalues. SHapley
Additive exPlanations (SHAP) is another powerful method for feature relevance and
interpretation. Based on game theory, SHAP values distribute the prediction among features
according to their contributions, ensuring consistency and providing explanations. It helps
understand individual predictions and overall feature importance by aggregating values across
predictions. Using PCA and SHAP together could reduce data and model complexity while
highlighting the most influential features, thereby enhancing model performance and
interpretability.

The development of temporal analysis tools to monitor changes in ecosystems over
time is also worth considering. Analysis of trends and long-term changes in vegetation and
soil conditions could provide valuable information on forest regeneration processes after fires
and the impact of climate change on fire dynamics. In addition, there is the potential to apply
research findings in practice. The creation of tools and platforms that allow easy access to up-
to-date maps of burned areas and analyses of fire impacts can support the activities of fire
risk management services and environmental authorities. Integrating these tools with early
warning and spatial planning systems can significantly improve the efficiency of fire
management.

In summary, there are numerous opportunities for further development and research
that can contribute to a better understanding and management of boreal forest fires. The
integration of advanced data analysis techniques, the use of diverse information sources, and
the development of practical tools can significantly improve the effectiveness of conservation
and forest fire risk management activities.
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7. Conclusions

This project is a novel approach to mapping burned areas using GeoAl. This is the first
study to apply the methodology used in the project to combine Random Forest and UNet to
detect burned areas in Swedish boreal forests. Advanced Al-based methods were applied,
using open-access Sentinel-2 high-resolution satellite data up to 10 meters to detect burned
areas with great precision. Using advanced machine learning algorithms, key Sentinel-2
derivatives were identified for prediction purposes. An important part of the project was the
detection of both large and particularly small fires, which are more typical of Swedish boreal
forests. The use of the Random Forest model and the UNet deep learning architecture to map
burned areas in the Swedish boreal forests demonstrated very good results, with the potential
to improve the detection of burned areas. The study has the potential to improve
understanding of the impact of wildfires in Swedish forest ecosystems. The methodology used
in the project can be used to create a new database of burnt areas in Swedish boreal forests
and/or to improve the currently existing ones.

In addition, these results highlight the need for further research to develop more
advanced methods for detecting and assessing the effects of fires. Future research could
focus on testing more variables, as textures could be very useful in this case. Furthermore,
the top five indices selected by Random Forest were important to improve the accuracy of the
mapping, however, further work could focus on examining additional indices that the model
has identified as useful as well, including NBR+ or BAIS2. The different values of the
hyperparameters of the Machine Learning and Deep Learning models should also be tested.
This could result in even better and more accurate methods for detecting burned areas. In the
context of a changing climate and the increasing frequency of extreme climatic events, such
as droughts and heat waves, which increase the risk of wildfires, the development of these
methods is crucial. In addition, further research may include the integration of data from
different sources, such as other satellite missions, drones and field data, to allow even more
accurate fire assessment and monitoring. The conclusions highlight the potential for further
development and optimization of the used methods.
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