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Abstract

Abstract

Forest fires are a global concern with severe implications for ecosystems and
communities. This thesis addresses the pressing issue of forest fire prevention
using artificial intelligence, specifically deep learning techniques. The research
explores various aspects related to forest fires, including their patterns, triggers,
effects, and existing prevention approaches. The challenges encountered during
the research process, such as acquiring a comprehensive dataset and designing
a lightweight yet accurate model, are discussed. The proposed system utilizes
supervised machine learning, with a focus on the Light-Fire Model (LF-Model),
to detect and classify forest fires. Results demonstrate the effectiveness of the
system in accurately predicting fire occurrences in real-time. The limitations
and trade-offs of the models are also discussed, highlighting the need for
optimization and deployment considerations. By continuously refining and
improving the system, this thesis contributes to the preservation of natural
ecosystems and the mitigation of the devastating impact of forest fires.

Keywords: Classification, Deep Learning, Forest Fires, Light-Fire Model,
Prevention



Résumé

Résumeé

Les incendies de forét sont un probleme mondial qui a de graves répercussions
sur les ecosystemes et les communautés. Cette theése aborde la question urgente
de la prévention des incendies de forét en utilisant I'intelligence artificielle, en
particulier les techniques d'apprentissage profond. La recherche explore divers
aspects liés aux incendies de forét, y compris leurs modeles, leurs déeclencheurs,
leurs effets et les approches de prévention existantes. Les defis rencontrés au
cours du processus de recherche, tels que I'acquisition d'un ensemble complet
de données et la conception d'un modéle léger mais précis, sont discutés. Le
systeme proposé utilise l'apprentissage automatique supervisé, en mettant
I'accent sur le modele d'incendie léger (modele LF), pour détecter et classer les
incendies de forét. Les résultats démontrent I'efficacité du systeme pour
classifier avec précision les incendies en temps réel. Les limites et les compromis
des modeles sont également discutés, soulignant le besoin d'optimisation et les
considérations de déeploiement. En affinant et en améliorant continuellement le
systéme, cette thése contribue a la préservation des écosystemes naturels et a
I'atténuation de I'impact dévastateur des incendies de forét.

Mots clés : Classification, Apprentissage Profond, Incendies de Forét, Modéle
d'incendie léger, Prévention.
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General Introduction

Natural calamities such as earthquakes, tornadoes, floods and forest fires not only degrade
the land but also endanger human lives, either directly or indirectly. One of the most significant
hazards confronting our society is forest fires, particularly in areas of dense population or where
properties and homes are located close to woodland areas. Wildfires are a major threat to our
environment and economy and their destructive potential is compounded by the fact that they can
be difficult to contain once they start due to the sheer size of many wildfires and the unpredictable
nature of their propagation, fueled by strong winds, dry conditions, and dead vegetation. In some
parts of the world, such as Algeria, these risks are exacerbated by climate change, leading to
increased temperatures, longer periods of drought and subsequent higher levels of tinder-dry
vegetation that can act as fuel for fires. As a result, it is essential to be aware of the risks posed by
forest fires and understand how they can be prevented and mitigated in order to protect our

environment, our communities, and the economic interests that rely on a healthy landscape.

According to global statistics research, forest fires have become an increasingly severe
concern all over the world, with climate change escalating the problem and causing extensive
damage to forests and other ecosystems. These implications have attracted the attention of
governments, organizations and non-government entities, which are developing innovative

measures to address the situation.

In order to effectively combat this problem, comprehensive strategies are needed to identify
areas prone to forest fires, develop early warning systems and create effective firefighting services

that can quickly respond to the danger.

One of the most important factors that contribute to reducing the dangerous repercussions
of fire is early wildfire recognition. For these reasons, researchers have been working to come up
with effective approaches and policies that aid in the prediction of fires and the treatment of their
spread in order to limit the damage and reduce the danger they pose to our societies. Due to their
practical significance in the swift completion of many jobs and the saving of many human efforts,
artificial intelligence and machine learning are among the ways that scientists use to anticipate

forest fires.

In this thesis, we suggest a system for detecting forest fires that is based on supervised

machine learning especially deep learning.

By utilizing neural networks with multiple layers, deep learning models can extract

complex features from visual data, leading to remarkable accuracy in various domains. In the
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context of forest fire detection, the application of deep learning holds immense potential for

enabling rapid and reliable fire identification.

One of the key challenges in implementing deep learning models for forest fire detection
lies in balancing accuracy with computational efficiency. While many existing models achieve
high accuracy, they often come with significant computational and memory requirements, limiting
their practicality for real-time deployment on resource-constrained platforms. To overcome this
challenge, our study focuses on developing a lightweight deep learning model that prioritizes
efficiency without compromising accuracy. This lightweight model can serve as a foundation for
integrating fire detection capabilities into drones, enabling enhanced surveillance and response

mechanisms.
To achieve these objectives, the study will be structured as follows:

1. We start with the first chapter which is called "the state of the art" it’s focused on
overview concerning forest fires and more detailed description on used techniques to
solve this matter also an explanation of various deep learning methods besides CNN

application which is the chosen method of our project.

2. The second chapter is called "conceptual study", consist of the design of our system.
This section will detail the proposed approach from dataset to applied augmentations.

Thus, the light-weight model architecture.

3. Chapter three and the last one, “Implementation and obtained results”, this section will
present a comparison and discussion of the results found also the implementation of

our system as well as the used programming tools.

The brief ends as usual with a conclusion. We also indicate some possible perspectives for our

research activities.
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Chapter 1: State of the art

1. Introduction

For decades, forest fires have been a naturally occurring element of many ecosystems,
playing an important role in altering the landscape and restoring plants. However, as human
activities have affected the ecology and increased the frequency and severity of fires. Hence, the

implications of wildfires have shifted over time.

The objective of this chapter is firstly, to make a descriptive analysis of the fires, patterns
and behaviour as well as its complications especially in landscape, secondly, we will make a
qualitative analysis of the current works done by the scientific community for preventing forest
fires in order to suggest ways of improvement. Finally, the chapter focuses on the presentation of
Convolutional Neural Networks (CNNSs) and their relevance to forest fire detection.

2. Overview of Forest Fires

Historically, Fire has been employed as a tool for hunting, agriculture, and land
management by ancient civilizations, surface flames is used to clear land for farming, create
hunting grounds, and promote the growth of useful vegetation. Any such ancient use of fire was

well-suited to the local environment, with fires normally being small and simply managed.

However, as human populations have risen and extended into new areas, the impact of fires
has escalated as a result of human-caused events such as harvesting, mining, and construction
activities, which have transformed the forest habitat and made it more susceptible to fires.
Furthermore, climate change has resulted in drier circumstances and an increase in the frequency

of droughts, making fires more likely to start and spread. (1)

Forest fires now have a major effect on the world, people's life and the economic system.
Bushfire smoke and dust particles often lead to respiratory issues and other health concerns, while
the fires itself can damage residences and other facilities and harm people. Wildfires can also cause
biodiversity destruction for species, soil erosion and water quality deterioration. The economic
impact is visible in the loss of resources such as lumber, as well as the expenditures of confronting

and recovering from fires. (1)

2.1 Wild Fires in Algeria

Forest fires have become a growing worry in Algeria in past years. The country has a
Mediterranean climate, which means that summertime is sweltering and dry, while winters are
mild. (2)
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As this climate as well as human activities such as logging, agriculture and urban
expansion, forests are more vulnerable to flames. Moreover, the country has seen a considerable

increase in the frequency and intensity of droughts in recent years, increasing the risk of fires. (3)

Climate change is also thought to be a significant influence in the increased frequency and
intensity of forest fires in Algeria. The country has seen an increase in temperature and a decrease
in rainfall, resulting in drier conditions and greater evaporation. These modifications have made it
simpler for flames to start and spread, as well as more difficult to suppress fires once they have
begun. Climate change is also likely to exacerbate the situation in the future by increasing the
frequency and intensity of droughts and heat waves. (3)

Bushfires have had a significant influence on Algeria's environment, economy, and human life,

destroying homes and other structures and resulting in the loss of lives.

It has been reported that over 100 fires occurred across north-eastern Algeria on the night
of Sunday, August 14, 2022, effecting 14 governorates (Wilayas): Bejaia, Jijel, Souk Ahras, El
Taref, Setif, Skikda, tipaza, tizi-ouzou, Guelma, Batna, Mila, Annaba, Constantine, and Bordj
BouArreridj (4). It has been reported that it damaged a large part of Al-Kala, which is among the
most important national parks of Algeria. Furthermore, at least 44 individuals were killed, 250
were injured, and more than 500 households were displaced (2,000 people), the flames destroyed
almost 6,000 hectares according to estimates provided to the Algeria Red Crescent (4). The

expenditures of fighting and recovering from flames demonstrate the economic impact.

MW HIGH

. Low

Fire hotspots
(2001-2018)

Number of fires
(2001-2018)

Figure 1: Maps of fire occurrence in Northern Algeria (number of fires, 2001-2019). The enclosed Figure (upper left)
indicates the fire hotspots and their level of density. (5)

To address the problem of forest fires in Algeria, the government has initiated a variety of
fire preventative measures, such as increasing patrols, enhancing firefighting equipment,
mobilizing more than 1,200 firefighters (National Civil Protection) and seven fire helicopters
(National Algerian Army) in response to this disaster (4), and raising public knowledge about the
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hazards of fires. However, as the frequency and severity of fires escalates, new and more effective

solutions are required in order to prevent and manage these fires.

2.2Fire Triangle

Fire, as a broad term, refers to a common physical event caused by the rapid combustion
of oxygen with a material and identified by heat, light and flame. Hence, the three elements that
must be present for fire to start fuel, heat and oxygen are understood using the fire triangle model,

as presented in figure 2.

Fuel

IS Heat

Figure 2 : Fire Triangle.

A removal of even one of these parts will eradicate the fire. The fire triangle is an essential
tool for both fire prevention and suppression because it serves as a reminder of how important it

is to get rid of any one of these elements in order to properly put out a fire.

2.3The Fire Behavior Triangle
A similar triangle known as the fire behavior triangle exists beside the fire triangle. Fuels,
weather, and topography are the three apex points of this triangle. The parts that follow go into

considerable detail about each of these and how they affect fire. (6)

2.3.1 Fuels
The flammability of a fuel is determined by its composition which includes the amount of

moisture, chemical makeup and density.

+ Moisture Level: The most crucial factor is the amount of moisture. The moisture content
of dead logs is typically low compared to that of live trees. How quickly and how hot a fire
can spread depends on the moisture content and distribution of these fuels. Because heat
from the fire must first remove moisture, high moisture content will impede the burning

process. (6)
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+ Chemical Makeup: How easily it will burn is what determines. Some plants, shrubs and
trees contain oils or resins that help them burn more readily, quickly or intensely than other
plants do. (6)

+ Density: The quantity of fuel affects its flammability. Fuel will burn faster if the particles
are near together because they will ignite each other. However, if the fuel particles are so

close that air cannot pass easily or at a suitable distance, the fuel will not burn freely.

As a result of the impact that fire has both above and below the surface, soil types must
also be taken into account. How much a fire will influence soil depends on its moisture content,

its organic matter content, and how long it burns.

2.3.2 Weather

Weather factors also have an impact on fire behavior such as:

+ Wind: One of the most essential aspects because it can provide a new supply of oxygen to
the fire and drive it toward a new fuel source.

+ Temperature of fuels: is determined by the air temperature since fuels obtain heat by
absorbing solar radiation from the environment. A fuel's propensity to igniting is affected
by its temperature. Fuels will often ignite more easily at high temperatures than at low
temperatures. (6)

+ Humidity: The amount of water vapor in the air influences the moisture content of a fuel.
Fuels grow dry at low humidity levels allowing them to catch fire and burn more quickly

than at high humidity levels.

2.3.3 Topography
A fire's behavior can be influenced by landform. It will normally move faster uphill than

downhill or over level ground.

Land shape is described via topography. It can include elevation descriptions such as the
height above sea level 'slope’, the steepness of the land 'aspect’ and the direction a slope faces

‘features' such as canyons, valleys, and rivers.

These topographical features can either help or hinder fire spread. A rocky slope, for
example, can serve as an excellent natural fire barrier due to a lack of fuel and a large gap of open
space. Drainages can also serve as fire breaks if the fuels are damp or there is little vegetation.
Aside from the land's shape, height, slope, and aspect must all be considered. Elevation and aspect

can influence how hot and dry an area could be. (6)

The figure 3 provides a visual representation of the impact of topographic factors on

vegetation and snow cover patterns.
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Figure 3 : Effect of topography (slope aspect, elevation and topographic position) on vegetation and snow cover. (7)

3.Forest Fires and their Patterns

3.1 Forest Fires

The term "forest fire"” sometimes known as a " blaze" refers to any unrestrained and
uncontrolled combustion or burning of plants in a natural setting or due to human activity, such as
a forest or grassland, that burns organic fuels and spreads due to environmental variables (such as

wind and topography).

3.2Forest Fire Patterns
Depending on the circumstances of the fire, one or more types of fires may occur at the

same time. The sorts of forest fires are as follows:

#+ Ground Fire: As shown in next figure, is a type of wildfire that begins underground when
fuels such as garbage ignite and burn. Depending on the surroundings of the fire, ground
fires may continue to burn through the ground layer and become surface flames. These

fires spread more slowly than surface fires and can last months.
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Figure 4: Ground Fire.

+ Surface Fire: See Figure 5, a surface fire can range in intensity from low to moderate level
depending on the conditions. Small plants such as sticks or dried leaves are the primary
fuel sources. Ground fires that have grown large enough to overtake the surface are to
blame for those type of flames. They may blister a tree cover but they will not cause it to
burn sufficiently to start a fire. Surface fires normally spread slowly, but they can spread
quickly if they start on steeply inclined terrain or are pushed by the wind. On the other

hand, most surface fires burn out before progressing to the next classification level: crown

|

fires.

Figure 5: Surface Fire.
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+ Crown Fire: As illustrates in figure 6, crown flames are a distinct type of wildfire. These
deadly fires grow from one treetop to the next, a phenomenon known as the "tree crown"
or "canopy." As a result of their height and wind exposure, high-level fires often spread

much faster than lower-level fires and burn quickly. As a natural outcome, they regularly

evolve into extremely lethal flames.

Figure 6: Crown Fire.

4. Triggers of Forest Fires

Wild fires occur commonly due to two reasons: natural reasons and man-made reasons.

4.1 Man-made Causes

# Arson: This is the intentional setting of fires by individuals with malicious intent. Arson
can be motivated by revenge, vandalism, or other criminal motives. (8)

+ Campfires left unattended: A campfire that is not properly put out can ignite surrounding
vegetation, leading to a wildfire.

+ Discarding lit cigarettes: Throwing a lit cigarette out of a car window or carelessly
discarding a lit cigarette can start a wildfire if the ground is dry and conditions are windy.

#+ Using equipment without spark arresters: Operating equipment such as chainsaws,
tractors, and vehicles without spark arresters can create sparks that can ignite dry

vegetation.
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+ lllegal outdoor burning: Outdoor burning of household waste, leaves, and other materials
can quickly get out of control and start a wildfire. (8)

+ Children playing with fire: Children who are playing with fire can start a wildfire if they
are not supervised or do not understand the dangers associated with fire.

4.2 Natural Causes

+ Lightning: Lightning strikes can ignite dry vegetation and start a wildfire,

especially during dry and windy weather conditions.

+ Dry and windy weather conditions: When the weather is dry and windy,

fires can spread quickly and become difficult to control. (8)

+ \olcanic eruptions: The intense heat generated during a volcanic eruption

can ignite nearby vegetation and start a wildfire.

+ Drought: Prolonged drought conditions can lead to a buildup of dry
vegetation, making it easier for fires to start and spread.

+ High temperatures: High temperatures can cause dry vegetation to ignite

more easily, increasing the likelihood of a wildfire.

5. Effects of Forest Fires

The consequences of forest fires are numerous and varied. Some of these might be quick
and obvious while others might be delayed and challenging to notice. Fire alters the forest in a
number of ways through its physical, biological and chemical effects. A few types of fire effects
include:

5.1 Effects on Trees

Trees can be significantly impacted by forest fires. Among the most frequent effects are:

+ High-intensity flames burn established trees and seedlings, leaving behind dead trees that
can become a threat.

+ The extreme heat of a fire and crown scorch harm tree needles and branches, decreasing
their capacity to re grow and store energy.

+ The fire's intense heat might harm the bark of trees which exposes them to disease and
insect infestations.

+ Combustion can cause damage to tree roots, limiting their ability to absorb water and

nutrients.
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*

The fire can change the chemical makeup of the soil, making re-establishment of trees
more difficult. (8)

It is essential to mention that the effects of fire on trees might vary depending on the

severity of the fire, the species and the surrounding environmental circumstances. Furthermore,

some tree species may be more fire-resistant than others and recover more quickly after a fire.

5.2 Effects on Soil

*

Physical changes to the soil structure making it less permeable and less able to retain water.
(9)

Deplete the soil's organic content leaving it more prone to erosion and runoff. (9)

Flames cause flash floods by increasing the amount of water runoff of soil, Hence, lowering
the amount of water that is available for growth. (9)

Combustion can consume organic matter and release nutrients into the atmosphere
reducing the fertility of the soil. (10)

The pH and nutritional levels in the soil are altered due to fires making it more difficult for
certain plants to re-establish. (10)

Fires decrease the number of microorganisms and other soil biota which play an important

role in nutrient cycling and soil health. (10)

5.3 Fire Effects on Animals (Wildlife)

*
*

Destroys habitat and limit the availability of food, water and shelter for animals.

wildfire might directly kill animals, particularly those who are unable to flee or reach safe
zone in time

Birds and other animals that depend on certain habitats for breeding or foraging may
experience disruptions in their migration patterns as a result of fire.

alter the distribution and abundance of predators and prey, which can have cascading

effects on food webs and ecosystems

6. Fire Weather Index

The Fire Weather Index (FWI) is a metric that forecasts the likelihood and potential

severity of wild-land fires. It is a composite indicator that assesses current and prospective fire

danger by taking into account numerous meteorological elements such as temperature, relative

humidity, wind speed and direction, and precipitation. While a high fire weather index score

implies an increased danger of wildfire, it does not guarantee that a fire will occur. Other variables,

such as human activity or lightning strikes, can also contribute to the initiation and spread of a fire.

(11)
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Fire management agencies utilize the FWI1 to prioritize fire suppression resources and make
choices concerning fire restrictions, controlled burns, and evacuations. The FWI is utilized all

around the world and has proven to be a useful tool for predicting and mitigating wildfires.

6.1Fire Weather Index Systems
There are several unique fire weather index systems used around the world to assess the
risk of wildfires and to make decisions about fire management, taking into account different

meteorological variables and using different calculation methods to predict the fire danger.
The most widely used fire weather index systems are:

+ Canadian Fire Weather Index (FWI) System: This system provides a numerical rating of
the fire danger based on atmospheric and fuel moisture conditions. It includes components
such as the Fine Fuel Moisture Code (FFMC), Initial Spread Index (I1SI), Duff Moisture
Code (DMC), Drought Code (DC), Build Up Index (BUI), and Fire Weather Index (FWI).
(12)

+ Keetch-Byram Drought Index (KBDI): This system measures the moisture content of the
soil and vegetation and is used primarily in the United States. (13)

+ McArthur Forest Fire Danger Index (FFDI): This system is widely used in Australia and
takes into account temperature, relative humidity, rainfall, and wind speed, among other
factors. (14)

+ Energy Release Component (ERC): used in the United States, provides a single number
rating of the fire potential based on the available fuel and weather conditions. (15)

+ Nesterov ignition Index: This system applied in Russia and other parts of Europe, is based
on temperature, relative humidity, wind speed, and precipitation, and provides a numerical

rating of the fire danger. (16)

These are some of the most widely used fire weather index systems, but there are many
others in use around the world, each with its own strengths and limitations. It is important to use
the appropriate system for the specific conditions in each region, and to always take into account
other factors such as human activity and lightning strikes in making decisions about fire

management.

6.2Fire Danger Levels
As for danger levels, The Canadian FWI System (12) as an example uses a numerical rating
to assess the fire danger in a specific area. The FWI is calculated based on six components, as

shown in next figure:
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+ FFMC (Fine Fuel Moisture Code): A measure of the moisture content of the forest litter
and other fine fuels. It is calculated based on temperature, relative humidity, and recent
precipitation.

+ ISI (Initial Spread Index): A measure of the rate of fire spread, based on the wind speed
and relative humidity.

+ DMC (Duff Moisture Code): A measure of the moisture content of the forest floor,
including the duff layer and larger fuels such as logs and branches.

+ DC (Drought Code): A measure of the dryness of the forest floor and other fuels, based on
the length of time since the last rainfall.

+ BUI (Build Up Index): A measure of the total fuel available for combustion, based on the
accumulated dead fuel and live fuel moisture.

4+ FWI (Fire Weather Index): An overall measure of the fire danger, based on the FFMC,
ISI, DMC, DC, and BUI values.
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Figure 7: Fire-weather-index calculation scheme. (17)

The calculation of these components is based on a complex algorithm that considers the
interplay of various weather and fuel moisture factors. The FWI provides a fire danger rating that
ranges from low to extreme, which can be used to make decisions about fire management and
resource allocation. The following are the levels of fire danger associated with the FWI system, as

summarised in table 1:

+ Low: A FWI of 0 to 8 indicates low fire danger. The fire potential is limited by the

moisture content of the fuel and the weather conditions. (17)
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+ Moderate: A FWI of 8 to 16 indicates moderate fire danger. The fire potential is

increasing, but fires are still unlikely to start and spread easily. (17)

+ High: A FWI of 17 to 32 indicates high fire danger. Fires are more likely to start and

spread rapidly, and the response time to control a fire is reduced. (17)

+ Extreme: A FWI of 32 or higher indicates extreme fire danger. Fires start easily,

spread rapidly, and can be difficult or impossible to control. (17)

FWI class Value Range Type of Fire Potential Danger
Low <8 surface fire Fire well be self-
extinguishing
Moderate 8-16 surface fire Easily suppressed
with hand tools
High 17-32 surface fire Power pumps and
hoses are required
Extreme >32 Developing crown Immediate and
fire strong action is
critical

Table 1: Fire danger classification in the FWI system (17)

The FWI is just one aspect of a comprehensive fire management program and should be
used in conjunction with other sources of information, such as satellite imagery, weather forecasts,

and ground observations.

The following section will provide an overview of the current state of research on the

context of this topic to gain a clearer understanding.

7. Related works

Over the recent years, researchers have focused on developing cutting-edge technologies
and algorithms for forest fire detection (18). These studies are constantly contributing to the
improvement of this field. Furthermore, with the advent of machine learning techniques, there has
been a growing interest in using diverse strategies for appropriate counter-measures, after a review
of various studies concerning the issue, it was concluded that the research could be broken down

into three major areas (see figure 8):
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7.1 Fire detection vision-based systems

This subsection concentrates on vision-based systems using deep learning techniques an
emerging field of machine learning that utilizes artificial neural networks to analyze the use of
visual data to identify fires in real time and notify the appropriate authorities so that preventive
measures can be taken. The visual sensor may be placed strategically throughout the forest as
surveillance videos (19) (20)or used in conjunction with unmanned aerial vehicles (UAVS) (21),
while deep learning models are able to classify the images and detect any features or patterns

associated with fire.

Method Dataset Description Performance year

Foggia’s The authors employed a pre- | The performance of their
video dataset trained Alex-Net CNN method was investigated
(22), Chino’s | model in their analysis. They | against other tests using a

dataset (23) | fine-tuned it to detect fire in | normal test image that had

various indoor and outdoor | fire-like portions, and with

conditions based on their small portions of real fire
problem domain, their placed on different regions
(19) _ _ 2018
model composed of five of the normal image. The
convolution layers, three method was able to detect
pooling and fully connected fire at early stages and
layers, and receives color differentiate between fire

images of size 224 x 224 x 3 | and normal images, even

as input. The last layer with different rotations. The
outputs probabilities for the results suggest that this
two classes (Fire, No Fire). method can be useful for
All the experiments were disaster management
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performed using a multiple
dataset of 68457 images
divided onto 20% data for
training and 80% for testing.

systems, attaining 94.39%

accuracy.

(20)

The authors
created a
dataset
consisting of
synthetic fire
images with
fog and real
fire foggy

images

The same authors suggested
an efficient CNN-based
approach for fire detection
in an unclear 10T scenario
on the collected video frame,
also to save computing
complexity and storage they
used lightweight deep neural
networks without applying

dense fully connected layers.

The

revealed that their model

experimental  results
outperformed the state-of-
the-art approach at the time
with 95.86% accuracy.

2019
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(21)

Dataset
Forest
Detection
from
Mendeley
(24).

for

Fire

The proposed model for fire
detection has an input size of
250x250 with three RGB
color channels. The model
includes standard
convolutional operations,
Relu activation, and Max
Pooling to down-sample the
feature maps. Depth-wise
separable convolution
operation is performed twice
to reduce the feature map
size. Then, two consecutive
separable convolutional
operations are conducted
with 64 filters. Batch
normalization is used to
normalize the weight of the
model, and Max Pooling is
performed to get 64 feature
maps sized 4x4. After
flattening, three fully
connected layers are used
for classification, with the
first two FC layers having a
size of 128 and a 30%
dropout, and the last FC
layer's size is 64 with a 20%
dropout. Two dense layers
with a soft-max activation
function are added to the
proposed network to
maintain the number of
output classes, which are fire

and non-fire.

The model achieved high
accuracy, precision, recall,
and F1-Score, with a test
accuracy of 96.4% and a
highest test accuracy of
97.6% at the 120th epoch.
The precision, recall, and
F1-Score curves are similar
to the accuracy curves,
indicating the unbiased
model and reliability. The
model's performance was
compared with concurrent
methods in the field (19)
(20).
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Table 2:Overview of Existing Methods (1).

In this table, various studies related to forest fire detection vision-based systems and
classification are presented, along with the datasets used and their corresponding performance

metrics.

7.2Predictive modeling based on environmental factors

This subsection focuses on applying machine learning algorithms to forecast the
probability of a fire utilizing environmental indicators such as humidity, wind speed, and drought
degree captured using wireless sensor networks (WSN) which is a device that collects and converts
physical parameters into a signal that such an observer or machine can interpret. Sensors come in
a variety of shapes and sizes, and they're employed in a wide range of tasks. The detection of forest
fires is one of the most popular uses for sensors. Hence, the algorithms examine previous data and

estimate the likelihood of upcoming fires.

Numerous fire detection methods and algorithms have been proposed in the recent
literature. In this section, we review some works related to wildfire detection, as illustrates in next

table.

Method Dataset Description Performance year
The authors collected Faroudja A et al. (25) Comparison of the
dataset that regroups a investigated various | performance between

data of two regions: the ensembles of different | the proposed model
SidiBel-abbes region decision tree algorithms | to existing methods
located in the northwest for fire prediction and using recall and F-

(25) and the Bejaia region found that the simple | measure as metrics. | 2020
located in norths of decision tree performed | The results show that
Algeria with 244 the best in terms of the proposed model
instances, 122 instances recall and accuracy. performs better than

each region, dedicated for | The boosting decision | some existing models

target class of two tree had the best overall in terms of recall
possibilities, namely performance but was with value of 0.92
‘fire’and ‘not fire’. deemed too resource- | and has a comparable

intensive for hardware | F-measure (0.85) to
implementation. The other models.

simple decision tree However, the

was chosen as it offered | comparison is only
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a good tradeoff
between performance
and resource utilization

on hardware.

indicative due to the
difference in datasets

used in each study.

(26)

UCI repository Forest
Fires Data Set (27), and

collected Images.

The authors
investigated
supplementary areas of
forest fire detection
such as the deployment
of WSNs and the use of
machine learning
models to predict forest
fires using 10T sensors.
Eight machine learning
algorithms were tested
(Boosted Decision
Trees, Decision Forest
Classifier, Decision
Jungle Classifier, Local
Deep Support Vector
Machine (SVM),
Logistic Regression
and Binary Neural
Network model). The
paper proposes a novel
loT based smart fire
prediction system that
incorporates both
meteorological data and
images for early fire

prediction.

The Boosted
Decision Trees
model was found to
be the most suitable
with an AUC value
of 0.78, for an
objective of
classification the
accuracy obtained

with value 72%.

2020

Table 3: Overview of Existing Methods (2).

7.3Satellite imagery
Most existing forest fire detection technologies based on satellite imagery, the first

Moderate-resolution Imaging Spectroradiometer (MODIS) (28)instrument launched in December
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1999, MODIS offers daily products that address global forest fires. Every one to two days MODIS
scans the entire surface of the planet. Additionally, its scanners collect data at three different spatial
resolutions: 2 bands at 250 meters, 5 bands at 500 meters, and 29 bands at 1,000 meters. It is a
long way from being able to detect forest fires in real time. In (29) (30), the imagery data from
MODIS and AVHRR in China and Canada, respectively, are utilized to assess the risk of wildfires
and identify them. Authors of (31) explore the possible requirements for space-based observations
in fire control, covering fuel mapping, risk assessment, detection and burned area recovery. As an
outcome of the long scanning duration and low resolution of satellites, weather conditions will

significantly reduce the precision of satellite-based forest fire detection systems.

8. Forest Fires Prevention based on Deep Learning

Deep Learning is a rapidly evolving field that has gained a lot of attention in recent years
due to its remarkable success in solving complex problems. It is a subset of Machine Learning that
Is based on artificial neural networks with multiple layers also known as deep neural networks.
These networks are designed to mimic the structure and function of the human brain and they have

the ability to learn from large amounts of data in an unsupervised or supervised manner.

The use of deep neural networks in Deep Learning has led to significant improvements in
various applications, including computer vision, natural language processing, and speech
recognition. Deep Learning models have also shown great promise in the field of forest fire
prevention (32) (33). By analyzing large amounts of data from various sources, such as satellite
images, weather patterns, and topography, deep learning algorithms can be trained to detect early

signs of forest fires and predict their spread.

8.1Deep feedforward networks

Deep feedforward networks, also known as feedforward neural networks or multilayer
perceptron (MLPs) are a type of artificial neural network (ANN) that consists of multiple layers
of interconnected nodes or neurons. In a feedforward network, information flows in one direction
from the input layer to the output layer with no feedback loops. The structure of a feedforward
network is defined by the number of layers, the number of neurons in each layer and the
connections between the neurons. A typical feedforward network consists of an input layer, one
or more hidden layers and an output layer. The input layer receives the raw input data, which is

then processed by the hidden layers, and finally produces the output (as shown in figure 9).
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Figure 9: The Structure of Multi-layer Perceptron.

The basic building block of a feedforward network is a neuron, which receives input from
other neurons or external sources, performs a computation on this input and produces an output.
The output of one neuron is then passed as input to the next neuron in the network, until the final

output is produced by the output layer.

Figure 10 depicts an artificial neuron's structure, represented as a circle with multiple input
connections and a single output. Inputs are shown as arrows with associated weights, indicating
their contribution to the neuron's output. Inputs are combined through summation, considering
their respective weights. The resulting sum passes through an activation function, introducing non-
linearity to model complex relationships. The output is then produced and serves as input for

subsequent neurons or as the final output of the neural network.

weights

Summation function Activation function

Neuron output
X3
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Figure 10: The structure of the artificial neuron. (34)

Each neuron in a feedforward network is typically characterized by an activation function,
which maps the input to the output. Common activation functions include the sigmoid function,
the rectified linear unit (ReLU) function, and the hyperbolic tangent (tanh) function. (See figure
11)

ReLu(x) = max(0,x) (1) sigmoid(x) = L (2) tanhx= e e 3)

1+e™) e

Figure 11: Activation Functions ReLLU (1), sigmoid and tanh (3).

8.2Convolutional Neural Network

Convolutional Neural Networks (CNNs) are a type of deep learning neural network that
are specifically designed for processing grid-like data, such as images or videos. CNNSs are widely
used in computer vision tasks such as image classification, object detection, and image

segmentation.

The key feature of CNNSs is the convolutional layer, which performs a convolution
operation on the input data. A convolution operation involves sliding a small window, called a
filter or kernel, over the input data and computing a dot product between the filter and the input
data at each position. The result of the convolution operation is a feature map, which highlights

the presence of certain features in the input data.

The figure 12 below shows an example of a 2D convolution operation on a 5x5 input image
using a 3x3 filter. The filter slides over the image one pixel at a time, computing the dot product
between the filter weights and the corresponding pixels in the image.

1 1 1 0 0

) 1 1 1 0 4 3 4
) 0 1x1 | 1x0 | 1x1 2 4 3
0 0 1x0 | 1x1 | OxO 2 3 4

0 1 1x1 | Ox0O | Ox1

Figure 12: Convolution operation. (35)

In addition to the convolutional layer, CNNs also typically include other types of layers
such as pooling layers, activation layers and fully connected layers. Pooling layers down sample
the feature maps produced by the convolutional layer by computing a summary statistic such as
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the maximum or average value within a small window. This reduces the dimensionality of the

feature maps and helps to make the network more robust to small variations in the input.

2

max pool with 2x2
window and stride 2 6 | 8

L] 1| =

1 4
6 8
> [N 3 I
P 4

Figure 13: Pooling operation. (35)

Activation layers apply a non-linear function such as the ReLU or sigmoid function (as
referred in figure 11) to the output of the previous layer. This introduces non-linearity into the

network and allows it to learn more complex representations of the input data.

Fully connected layers, also known as dense layers, connect every neuron in one layer to
every neuron in the next layer. These layers are typically used in the output layer of the network

to produce the final classification or regression result.

The architecture of a CNN typically consists of a series of convolutional and pooling layers,
followed by one or more fully connected layers. The figure below shows an example of a simple
CNN architecture with four convolutional layers, four pooling layers followed by two fully

connected layers.

=1

A—

Conv + Conv + Conv + Conv +

Maxpool Maxpool Maxpool Maxpool FC FC Output

Figure 14: example of a CNN architecture. (35)

CNNs are trained using back-propagation, a gradient-based optimization algorithm that

adjusts the weights of the network to minimize a loss function. The loss function measures the
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difference between the network's output and the desired output and is typically chosen based on
the task being performed, this type of models has achieved state-of-the-art performance on a wide
range of computer vision tasks including image classification, object detection and semantic
segmentation. By using convolutional layers to automatically learn hierarchical representations of
the input data, they are able to capture complex patterns and relationships in the data, making them

a powerful tool for many applications.

8.3Vision Transformers (ViT)

Vision Transformers (ViT) are a type of deep learning model that apply the self-attention
mechanism to image processing. ViT models have achieved state-of-the-art performance on a wide
range of computer vision tasks, including image classification, object detection, and segmentation.
Traditional convolutional neural networks (CNNs) process images using a sequence of
convolutional and pooling layers to capture local spatial information. In contrast, ViT models use

a self-attention mechanism that captures global spatial relationships between image regions.

The VIiT model consists of a series of transformer blocks, similar to those used in natural
language processing. Each transformer block contains two sub-layers: a multi-head self-attention
mechanism and a feed-forward network. The self-attention mechanism is used to compute a
weighted sum of the image features, taking into account the importance of each feature for the task
at hand.

The figure below shows the architecture of a typical ViT model with transformer block.

N x transformer block

e,

Multi-head self attention

Input image

: X /" \ A
MHA K 'TT T[?

N | Lineatrj]J i Line:atru‘l
o

b i
\
m /

Figure 15: VIT Architecture. (36)
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In a VIiT model, the input image is first divided into a fixed-size grid of non-overlapping

patches, each of which is treated as a separate token. Each patch is then projected to a lower-
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dimensional embedding space, and a positional encoding is added to capture spatial information.
The self-attention mechanism in the transformer block computes a weighted sum of the
embeddings where the weights are determined by a learned attention function that considers the
relationships between all pairs of embeddings. This allows the model to capture global spatial
relationships between image regions, rather than relying on local spatial information captured by
convolutional filters. The feedforward network in the transformer block applies a non-linear
transformation to the outputs of the self-attention mechanism, allowing the model to learn complex
representations of the input data. After processing the image patches through multiple transformer
blocks, the final output of the ViT model is passed through a fully connected layer to produce the

final classification or regression result.

ViT models have achieved state-of-the-art performance on a wide range of computer vision
tasks, often surpassing the performance of traditional CNN models. By using the self-attention
mechanism to capture global spatial relationships between image regions ViT models are able to
learn more robust and flexible representations of the input data. However, they typically require
more computational resources and training data than CNN making them more challenging to train

and deploy.

9. Synthesis

In the preceding section on related works, we discussed various studies and investigations
conducted to predict and detect fires. These works utilized numerous approaches, some of which

demonstrated outstanding performance in preventing forest fires.

Thus far, our findings indicate that the most effective strategy involves the utilization of

deep learning algorithms with particular emphasis on convolutional neural networks (CNN).

The best research area for us to develop an Al-based system for preventing and managing
forest fires will depend on a number of factors, such as our specific interests and resources.
However, some suggestions for research areas that are currently facing significant challenges in
terms of forest fire management and that may be good candidates for Al-based solutions include:

+ Wild-land-Urban Interface (WUI) areas: These are areas where human settlements and
natural wilderness meet and are often at high risk of fires due to the presence of both
flammable vegetation and human-caused ignition sources.

+ Remote and inaccessible areas: large wilderness areas, such as those found in
mountainous regions, can be difficult to monitor and access, making it challenging to

detect and respond to fires.
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10. Conclusion

Within this chapter, we conducted an investigation into artificial intelligence techniques
for forest fire prevention. We examined the strengths and weaknesses of various approaches and
identified the method that we will employ in the subsequent chapter. Our focus then shifted to the
analysis and design of our application, which is geared towards the detection and prediction of

fires. Ultimately, our goal is to leverage these capabilities in order to prevent forest fires.
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Chapter 2: Conceptual Study

1. Introduction

As previously demonstrated in the preceding chapter, there existed numerous techniques
for the detection of forest fires in an effort to streamline this identification process and render it
globally accessible in a cost-effective and timely manner, automatic detection systems have been
introduced. However, due to the limited amount of the used dataset and the fluctuating nature of
fires in this particular prevention system, the real-time application of the model may be subject to
variations in accuracy based on a multitude of factors such as lighting, weather conditions, and
others.

Therefore, we put forth a CNN technique with the aim of mitigating mentioned concerns

and enhancing the caliber of the outcomes.

2. System Design

In this study, we propose a deep learning-based classification model using Convolutional
Neural Networks (CNN) for forest fire detection. Our aim is to achieve higher precision and
accuracy than existing models. To demonstrate the effectiveness of our proposed solution we
evaluated several classification algorithms on a curated dataset of forest fire images.

Figure 16 depicts the comprehensive overview of our proposed Forest Fire Prevention
System. The system involves developing a model through training and testing on a carefully
selected dataset that consists of Fire and Non-Fire scenes. Once the model has been trained, we
will evaluate its reliability and effectiveness by analyzing the quantitative results of the test data.
After satisfactory performance has been achieved the model will be deployed in high-tower
cameras to enable real-time fire detection. These cameras will be deployed and maintained by the
forest department through a robust communication network. The cameras capture real-time images
from forest landscapes and classify Fire or Non-Fire outcomes using our proposed model. These
outcomes are communicated to the data center through a reliable communication system. In the
event of a Fire signal (i.e., alarm) the data center immediately alerts the disaster management
system or the fire brigade with the camera ID which leads to its position in the region, facilitating

necessary actions to control and prevent the Fire.
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In case a fire is detected in the captured image, an alarm signal is transmitted to the fire
department with camera id to take necessary actions. On the other hand, if there is no fire detected,
the high-tower camera continues to feed the model with forest scenes for surveillance purposes.
To further enhance the system's performance, it is recommended to periodically retrain the model
with new and updated data to improve its accuracy and generalization ability and ensuring that the
model is trained on a diverse and representative dataset. Additionally, considering the possibility
of network failure or communication breakdown it would be beneficial to equip the high-tower
cameras with local processing capabilities to enable autonomous fire detection even in the absence

of a communication network.

Overall, our proposed system offers a promising solution for automated forest fire detection

with improved accuracy and precision.

3. Presenting Dataset

In this section, we’re presenting the dataset used to train the model of the proposed system.

3.1 Data Collection

A carefully curated dataset was developed to tackle the issue of forest fire detection. The
dataset contains 3-channel images with a spatial resolution of 250 x 250 obtained through multiple
search engines using various search terms. The images were then thoroughly examined to remove
any irrelevant components such as people and fire-extinguishing machinery ensuring that only the
pertinent fire region is included in each image. The figure below depicts some samples from the

used dataset.

Figure 18: samples of fire and non-fire scenes from the used dataset.
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3.2 Data Structure
The dataset is claimed to be balanced, and intended for binary fire or no-fire detection in
the forest landscape comprising a total of 1900 images with 950 images for the training for each

class. For training and testing purposes, the dataset is already divided into an 80:20 ratio.

1
Forest Fire. 1
L_____.______': ____________________ I
. 1
1 « Testing » 20% 1
— | 1
L e e e — == 1
[ ':
1 Fire !
.
C Tttt Tt T T T ':
! No-Fire ]
L e mmm e e
o T T T T T
L « Training and validation » 80% !

Figure 19: Structure of the dataset and ratios.

The figure 19 illustrates the hierarchical structure of the folders and their respective ratios.

3.3 Data Augmentation

Convolutional Neural Network (CNN)-based machine learning algorithms require a large
amount of data to overcome the overfitting problem. Hence, Data augmentation is a promising
technique to expand the dataset which assists the model to learn a function with relatively low
variance. To address our problem domain, we have performed experiments with different
augmentation techniques and evaluate their effectiveness in improving the model's performance,

such as:

+ Horizontal flipping on each image. The rationale behind this is that an image and its mirror
version should be recognized in the same way, while vertical flipping is not always
recommended and depends on the situation for example may biased by the sun's rays
concluded to wrong outcomes.

+ Zooming: This technique zooms in or out of the image. This can be useful in cases where
the fire may be small or far away from the camera. By zooming in, the model can learn to
recognize small fires and by zooming out it can learn to recognize larger fires.

+ Brightness/Contrast adjustment: This technique adjusts the brightness and contrast of the
image. This can be useful in cases where the lighting conditions may vary across different
images. By adjusting the brightness and contrast, the model can learn to recognize fires in

different lighting conditions
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+ Width shift range and height shift range: these augmentation techniques can be useful
because they can simulate the possibility of a fire being present in different parts of the
image. For example, a fire may appear on the left or right side of the image or at the top or
bottom of the image. By randomly shifting the image horizontally and vertically the model
can learn to recognize fires in different locations within the image and become more robust

to variations in the location of the fire.

We have applied this augmentation process to the entire dataset, increasing the number of

training samples.
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4. Model Architecture

4.1 Light-Fire Model (LFM)

convZ2d_input input: [(None, 250, 250, 3)]
InputLayer output: | [(None, 250, 250, 3)]

conv2d input: (None, 250, 250, 3)
Conv2D | output: | (None, 250, 250, 32)

convZ2d 1 input: (None, 250, 250, 32)
Conv2D output: | (None, 124, 124, 32)

A
max_pooling2d input: (None, 124, 124, 32)

MaxPooling2D output: (None, 62, 62, 32)

Y
conv2d 2 input: (None, 62, 62, 32)

Conv2D output: | (None, 62, 62, 32)

A
max_pooling2d 1 input: (None, 62, 62, 32)

MaxPooling2D output: | (None, 31, 31, 32)

conv2d 3 input: (None, 31, 31, 32)
Conv2D output: | (None, 29, 29, 32)

h 4
max_pooling2 2 input: (None, 29, 29, 32)

MaxPooling2D output: | (None, 14, 14, 32)

Y
flatten 5 input: (None, 14, 14, 32)

Flatten output: (None, 6272)

A
dense input: (None, 6272)

Dense | output: (None, 256)

A J
dense_1 input: (None, 256)

Dense output: | (None, 128)

A
dropout_5 input: (None, 128)

Dropout output: | (None, 128)

A
dense 2 input: (None, 128)

Dense output: (None, 1)

Figure 20: Light Fire Model Architecture.

In this subsection, we will explain the function of each layer type employed in the

architecture of our CNN model, as illustrated in the figure 20.
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Model architecture

+ model = Sequential()

+ model.add(Conv2D(32, (5, 5), padding='same’, input_shape=(250, 250, 3), activation="relu’))
+ model.add(Conv2D(32, (3, 3), strides=(2, 2), activation="relu’))

+ model.add(MaxPooling2D(pool_size=(2, 2)))

» model.add(Conv2D(32, (3, 3), padding="same', activation="relu"))
+ model.add(MaxPooling2D(pool_size=(2, 2)))

+ model.add(Conv2D(32, (3, 3), activation="relu"))

» model.add(MaxPooling2D(pool_size=(2, 2)))

+ model.add(Flatten())

« model.add(Dense(256, activation="relu"))

« model.add(Dense(128, activation="relu"))

+ model.add(Dropout(0.2))

» model.add(Dense(1, activation="sigmoid"))

Figure 21: Model Creation.

+ ‘conv2d': The first convolutional layer is comprised of 32 filters with a kernel size of 5x5
and is activated using the Rectified Linear Unit (ReLU) activation function. The layer
utilizes the same padding method which ensures that the output feature map has the same
spatial dimensions as the input feature map. This layer acts as the input layer for the model
and has an input shape of (250, 250, 3) which indicates that the input images are sized at
250 by 250 pixels with 3 channels corresponding to the RGB colors. The primary purpose
of this layer is to extract relevant features from the input images by convolving each filter
with the input image and applying the ReLU activation function to the resulting output
feature map.

+ 'conv2D_1 2 3": This is the second convolutional layer with 32 filters with kernel size of
3x3 and ReLU as an activation function. The 'strides' parameter is set to (2,2) which means
the layer will move the filter with a step size of 2 in both height and width dimensions. The
layer is applied directly to the output of the previous layer without any pooling which helps
in preserving spatial information. The padding of the previous layer is set to 'same’ to
ensure that the input size of this layer is the same as the image size, thus avoiding any loss
of spatial information. This layer plays a crucial role in extracting important features from
the input images and reducing the output size of the feature maps to make the model more
lightweight.
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+ 'Max_pooling2d_1 2': These MaxPooling2D layers perform max pooling with pool size
of 2x2. These layers reduce the dimensionality of the output from the previous layer even
more to let the next layer learn more features of the edges of the images by taking the
maximum value of each 2x2 block of the output.

+ Flatten layer: 'Flatten' this layer flattens the output from the previous layer into a 1D
vector, which can be used as input to a fully connected layer.

+ 'Dense’, '‘Dense_1": Or a fully-connected layer with 256 and 128 neurons respectively, this
takes the flattened output from the previous layer as input and applies the ReLU activation
function to each neuron.

+ 'Dropout’: Dropout layers with a rate of 0.2 these layers randomly drop out 20% of the
neurons in the previous layer to prevent over-fitting.

+ 'Dense_2': A layer with 1 neuron, this layer is the output layer of the model which uses
the sigmoid activation function to produce a binary output indicating whether the input

image is a fire or not.

The ReLU activation function is used in the convolutional and dense layers to introduce
non-linearity and improve the model's ability to learn complex patterns in the input data. The
sigmoid activation function is used in the output layer to produce a binary output between 0 and

1, which can be interpreted as the probability that the input image contains a fire.

4.2 LF Model Configuration and parameterization

Model: "sequential 4"

Layer (type)

Output Shape

Param #

conv2d_16 (Conv2D)
conv2d_17 (Conv2D)

max_pooling2d 12 (MaxPoolin
g2D)

conv2d_18 (Conv2D)

max_pooling2d 13 (MaxPoolin
g2D)

conv2d_19 (Conv2D)

max_pooling2d_14 (MaxPoolin
g2D)

flatten_4 (Flatten)
dense_12 (Dense)
dense_13 (Dense)
dropout_4 (Dropout)

dense_14 (Dense)

(None, 258, 250, 32)
(None, 124, 124, 32)

(None, 62, 62, 32)

(None, 62, 62, 32)

(None, 31, 31, 32)

(None, 29, 29, 32)

(None, 14, 14, 32)

(None, 6272)
(None, 256)
(None, 128)
(None, 128)

(None, 1)

2432

9248

a

9248

9248

a

1605888

32896

a

129

Total params: 1,669,089
Trainable params: 1,669,889
Mon-trainable params: @

Figure 22: LF-Model Parameters.

48



In this subsection we discuss the configuration of our proposed model then a look through-

out the parameters of the LF-Model,

Our proposed model, the LF-Model is a deep learning model with a total of 1,669,089
learnable parameters including both weights and biases. These parameters are adjustable by the
optimizer during the training process, with the aim of minimizing the loss function and ultimately
improving the model's accuracy. The Trainable parameters of the model, which is also 1,669,089
refers to the number of parameters that will be updated during the learning process. This is
important because the trainable parameters play a critical role in the model's performance and its
ability to generalize well to new data. It is worth noting that in some cases a model may contain
non-trainable parameters such as those used in batch normalization or other normalization
techniques. These non-trainable parameters do not get updated during training and are therefore
not counted as trainable. In summary, our LF-Model has a reasonable number of learnable
parameters that can be trained to improve its performance making it a powerful tool for deep

learning tasks.

4.2.2 Loss Function

We implemented the Binary cross-entropy loss function, also known as binary log loss, is
a popular loss function used in binary classification tasks. It measures the difference between the
predicted probability distribution and the actual probability distribution.

The formula for binary cross-entropy loss function is:

1
l-‘binary—crossentropy = - NZ [Yi log(yl) + (1 - yi) log(l - yl)]
i=1

where Y; is the actual label of the it" sample (0 or 1), (¥,) is the predicted probability of

the i" sample being 1, and N is the total number of samples.

The first term in the equation Y;log(y,) penalizes the model when it predicts a low
probability for a positive sample (actual label is 1) while the second term (1 — y;)log(1 —
y,) penalizes the model when it predicts a high probability for a negative sample (actual label =
0). By summing up the losses for all samples we get the overall binary cross-entropy loss for the

model.

In other words, the binary cross-entropy loss function measures how well the predicted
probabilities match the actual labels. It is commonly used in logistic regression models and neural
networks with sigmoid activation function in the last layer for binary classification tasks. The goal

of the training process is to minimize this loss function to improve the model's performance.
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4.2.1 Optimizers

Optimizers are an important component of the training process for deep learning models.
They help to adjust the model parameters during training in order to minimize the error between
the predicted outputs and the actual outputs. In our case, we have used four different optimizers:
Stochastic Gradient Descent (SGD), Adaptive Moment Estimation (Adam), Root Mean Square
Propagation (RMSprop), and Nesterov Adam (Nadam).

+ SGD is a popular optimizer that updates the weights of the model by taking the gradient of
the loss function with respect to the weights, multiplied by a learning rate. Momentum is
also added to SGD in order to speed up convergence and prevent oscillations during

training.
w = w — learning rate X gradient

Where w is the weight matrix of the model, gradient is the derivative of the loss function
with respect to the weights, and learning rate is a hyper-parameter that controls the size of the
update step.

+ Adam is a more sophisticated optimizer that uses adaptive learning rates for each weight
in the model. It also uses momentum to speed up convergence, and includes a bias
correction term to account for the fact that the initial estimates of the first and second

moments of the gradients may be biased.

m = beta_1 xm + (1 — beta_1) X gradient
v=beta_2 X v + (1 — beta_2) x gradient?

w — learning_rate X m
W =

Vv + eposilon

Where m and v are the first and second moment estimates of the gradient, beta_1 and beta_2
are decay rates for the first and second moment estimates, respectively, epsilon is a small constant

to prevent division by zero and all other variables have the same meaning as in SGD.

+ Nadam is a variant of Adam that includes the Nesterov momentum method, which allows
the optimizer to take into account the future gradient at the current time step in order to
improve convergence.

m = beta; X m + (1- beta;) X gradient
v= beta_2 X v + (1 — beta_2) X gradient?

(beta;x m + (1 - beta) X gradient)
(1-beta;")

(betay* v + (1 - betay)* gradient?)
(1 - betay?)

D=

m =

50



w - learning, ;e X m
Vo + epsilon

w =

Where m and v are biased corrected first and second moment estimates of the gradient, t is

the current iteration, and all other variables have the same meaning as in Adam.

5. Conclusion

In this chapter, we have outlined the design of our Forest Fire Prevention System
showcasing the step-by-step process involved in its development. We presented a detailed view of
our customized CNN architecture which was optimized to detect fire shapes in the early layers
while maintaining a lightweight structure. To further enhance the accuracy of our model, we
employed various data augmentation techniques which allowed us to increase the amount of data
and improve the generalization of the model. Our goal was to create a robust and reliable system
that can be integrated with low-end devices and deployed in forest surveillance cameras. Our
experiments demonstrate that while CNNs can efficiently learn the task at hand their high hardware

requirements and time-consuming training process must be taken into account.
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Chapter 3: Implementation and obtained
results

1. Introduction

In this chapter, we will start first with a list of the development tools used in our system
accomplishment. Then we present the results of our experimentations conducted to investigate the
effectiveness of our proposed method. We first investigate the dataset distribution and prepare
functions for data flow used for training and evaluation. Importantly, we present the results of our
experiments along with a discussion of their implications. Finally, we’ll present the system
interface and will display some screenshots of the real-time test phase.

2. Representation of the development tools

2.1 Physical environment

In order to implement our system, we utilized the following hardware resources. Also, for
the testing phase of our system we conducted experiments on a laptop personal computer (PC)
equipped with the following specifications:

Personal Computer Dell Latitude 7490
Processor Intel(R)Core (TM) i5-8350U CPU @1.70 GHz
RAM 8 GB DDR4
Hard Drive 512 GB SSD
Operating System Windows 10 Professionnel

Table 4: Laptop hardware specifications.

For the training phase of our model, we employed the use of Google Colab a cloud-based
platform for running Python scripts. By leveraging the computational resources of Colab we were
able to train our deep learning model efficiently and effectively. Additionally, we utilized Google
Drive to store and access our selected dataset, which we then imported and mounted in colab for
use in the training process. This allowed for seamless integration of our data with the colab
environment enabling us to train our model on the cloud without the need for local storage.
However, it is worth noting that Google Colab has a limitation on the maximum running time for

a session which can be problematic for longer training times or for large datasets.
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Google Colaboratory (Colab) Is a cloud-based platform that provides a free

Jupyter notebook environment for running and sharing machine learning code. It
enables users to write, run and collaborate on Python code using a web browser. Colab comes with
pre-installed libraries such as TensorFlow, Keras and PyTorch making it ideal for building and
training deep learning models. It also provides access to powerful hardware resources such as
GPUs and TPUs which significantly speeds up the training process. it is widely used in the fields
of machine learning, data science and artificial intelligence research as well as in education and
online courses. It has become a popular choice for researchers and students who do not have access
to high-end computing resources or who want to collaborate on projects in real-time. However,
one of the limitations of using Colab is that it has a time limit for each session and the resources
available to each user may be limited depending on the demand. This may impact the performance
and training time of complex models that require large datasets and significant computation power.
@37)

L Google Drive Is also a cloud-based storage and collaboration platform developed by

Google. It allows users to store and share files, documents, and multimedia content
with others. Google Drive offers a variety of features such as file syncing across devices, real-time
collaboration, and version control. Users can access their files on Google Drive from any device
with an internet connection and can easily share files and folders with others by providing a link
or granting them access. In particular, researchers and data scientists often use Google Drive to
store and share large datasets or code repositories, as well as to collaborate on research projects.
By using Google Drive, researchers can easily share their work with colleagues from different

locations and can work together in real-time, improving their productivity and efficiency. (38)

2.2 Software and libraries used in the implementation

We carefully selected the tools that align with our project requirements to achieve optimal
performance. The following tools have been chosen for their high efficiency and suitability for the
task at hand:

Visual Studio Code (VS Code) a free and open-source code editor developed by

Microsoft. It provides developers with a variety of features such as syntax
highlighting, code completion, debugging, version control integration and extension support
making it suitable for various programming languages and development tasks. VS Code is
available on multiple platforms including Windows, macOS and Linux. It has become a popular

choice among developers due to its ease of use, flexibility and extensibility. (39)
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Python: is a high-level, interpreted programming language that was first released in

P 1991. It was designed with an emphasis on code readability and ease of use, making
Python it a popular language for beginners and experts alike. Python's syntax is clean and
straightforward, making it easy to learn and use. It has a large and active community of developers
who contribute to its growth and development. It has become the go-to language for many
scientific, statistical, and data analysis applications, including deep learning. Its popularity in the
field of artificial intelligence (Al) is due in large part to its many powerful libraries for machine
learning such as TensorFlow, PyTorch and Keras. These libraries provide easy-to-use interfaces
for building and training deep learning models, as well as tools for data preprocessing, model

visualization and more. (40)

Tensorflow: is an open-source software library used for dataflow and

differentiable programming across a range of tasks. It is a symbolic math library

and is also used for machine learning applications such as neural networks for
various fields such as natural language processing, image recognition, and predictive analytics.
TensorFlow provides a variety of tools and APIs for building, testing, and deploying models at
scale across multiple platforms and devices. It is widely used in the industry and academia for

research and production purposes. (41)

Keras: is an open-source neural network library written in Python and It is designed

K to provide a user-friendly interface for building and training deep learning models

also acts as an interface for the TensorFlow library making it easier to use for
developers who are not familiar with TensorFlow's low-level API. It provides a high-level API
that allows for the rapid prototyping of deep learning models that made it a popular choice among
researchers and practitioners. Keras supports a wide range of neural network architectures
including convolutional neural networks, recurrent neural networks and multi-layer perceptrons.
It also includes a variety of built-in loss functions, optimizers and metrics for model evaluation.
Additionally, Keras is known for its ease of use as it allows developers to quickly build and test

different models without having to write a lot of boilerplate code. (42)

& NumPy: is a powerful Python library that provides a high-performance
"4" N P multidimensional array object and tools for working with these arrays. It is widely
) Nunfy

used in scientific computing and data analysis and provides a flexible interface to
efficiently store and manipulate large datasets. NumPy also includes a number of mathematical
functions to perform operations on these arrays including linear algebra, Fourier transform and
random number generation. Its performance and ease of use make it a must choice for numerical

computations in many fields including machine learning, data science and physics. (43)
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Matplotlib: is a Python library for creating visual representations of data that can be either static
or dynamic. It is a 2D plot library that generates figures suitable for publication. It has many
features for plot style, formatting and layout customization. Also provides a vast array of plot types
including line, scatter, bar, histogram, heatmap, 3D and subplots. Matplotlib is extensively used
for data analysis in scientific and engineering fields and is a crucial tool in the data science part of
Python. (44)

0 OpenCV (Open-Source Computer Vision): is an open-source computer

o vision and machine learning software library designed to help developers create
OpenCV  computer vision applications. It was originally developed by Intel in 1999 and
is now maintained by the OpenCV community. OpenCV provides a vast array of computer vision
algorithms, image and video processing tools, and machine learning models that can be used for

various tasks, such as object detection, facial recognition, image segmentation, and more. (45)

PyQt 5 ( Python Qt ): a Python binding for the Qt application framework
which is a popular cross-platform toolkit for developing desktop applications
with graphical user interfaces (GUIs)and allows Python developers to create
desktop applications with rich Ul (User Interface) features using the extensive functionality
provided by the framework such as windowing, event handling, layout management and various
Ul controls. Also provides a comprehensive set of Python modules that enable seamless integration
with Qt's C++ libraries allowing developers to create powerful and interactive desktop
applications. It is widely used for building cross-platform desktop applications in Python and
offers a wide range of capabilities for creating modern and professional-looking GUI applications.

3. Experimental Setup

3.1 Preparations and workflow of the data

The data preparation for image classification model training involves several steps. First,
we set the image dimensions and number of classes for our model. We then load the test and
training data from their respective directories. For each class directory and image file in it, we use
the OpenCV library to read the image file and resize it to the specified dimensions. We then append

the image to the appropriate data array, along with its corresponding label.

After loading the data, and to increase the diversity of our training data we also perform
data augmentation by applying various transformations to the images in our training data. This
helps the model to better generalize to new images that it has not seen before. We preprocess it by
converting the pixel values of the images in both the train and test data arrays to floating point
numbers between 0 and 1 by dividing each pixel value by 255 which helps the model speed up the
process of learning and converging better.

55



We use the keras Image Data Generator to apply random transformations, such as
horizontal and vertical flipping, rotation, and zooming, to our training images. This generates new

images on-the-fly during training, so our model is trained on a larger and more diverse dataset.

3.2 Evaluation Metrics

We implemented our proposed method in Python, using the keras deep learning framework.
We conducted experiments using the training set and evaluated the performance of our method on
the testing set. We used the following evaluation metrics to measure the performance of our

method

+ Accuracy: The accuracy is the proportion of correctly classified samples out of all the

samples in the dataset. The formula for accuracy is:

Accuracy = (number of correctly classified samples) / (total number of samples)

+ Precision: The precision is the proportion of correctly classified positive samples out of all

samples classified as positive. The formula for precision is:

Precision = (number of true positives) / (number of true positives + number of false
positives)
+ Recall: The recall is the proportion of correctly classified positive samples out of all

positive samples in the dataset. The formula for recall is:

Recall = (number of true positives) / (number of true positives + number of false negatives)

+ F1 score: The F1 score is the harmonic mean of precision and recall combines both
precision and recall into a single metric that balances between them. The formula for F1

score is:

F1 score = 2 * (precision * recall) / (precision + recall)

+ Confusion matrix: is a table used to evaluate the performance of a classification model. It
shows the number of true positives (TP), false positives (FP), true negatives (TN), and false
negatives (FN) for each class. In a binary classification problem, such as the one in our
example, the confusion matrix is a 2x2 table. The columns of the matrix represent the
predicted class labels, while the rows represent the true class labels. The TP and TN cells
represent correct predictions, while the FP and FN cells represent incorrect predictions.
Where in the above formulas the true positives (TP) represent the number of correctly
classified positive samples, false positives (FP) represent the number of negative samples
classified as positive (predicted as fire but the true label’s no fire), and false negatives (FN)
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represent the number of positive samples classified as negative (predicted as no fire but the
true label’s fire).

+ Receiver Operating Characteristic (ROC) curve is a plot that shows the performance of a
binary classification model at different classification thresholds where the curve is created
by plotting the True Positive Rate (recall) against the False Positive Rate (FPR) at various
threshold settings. The TPR is the proportion of true positives that are correctly identified
as such by the model. The FPR is the proportion of false positives that are incorrectly
identified as positive by the model. A perfect classifier would have a TPR of 1 and an FPR
of 0, resulting in a curve that hugs the top left corner of the plot. A classifier with random

performance would have a diagonal line from the bottom left to the top right of the plot.

+ The area under the ROC curve (AUC) is a commonly used metric for evaluating the
performance of a binary classification model. A model with an AUC of 0.5 performs no

better than random guessing, while a model with an AUC of 1.0 has perfect performance.

In summary, all of these metrics are important tools for evaluating the performance of a

binary classification model, and can provide valuable insights into its strengths and weaknesses.

5. Discussion and comparison of the obtained results

In this subsection, we will discuss the different models and techniques that we have
employed in our experimental setup. We began by training a baseline model using a light-weight
convolutional neural network (CNN) architecture through variety of testing techniques and
parameters. We then experimented with different CNN architectures such as VGG16,
InceptionV3, and ResNet50 to see how they perform on the used dataset. Finally, we evaluated

ensemble learning techniques such as a CNN combined with an SVM or a Vision Transformer.

5.1 Baseline LF-Model Results and Evaluation

The LF-model which serves as the baseline model was trained with the Adam optimizer
and various hyper-parameters. The optimizer's learning rate was set to 0.0001 to ensure the model
converged to an optimal solution. The model was trained with a batch size of 32 over a total of 80

epochs.

To prevent over-fitting the Early Stopping function was implemented with a patience of 7
epochs monitoring the validation accuracy. Additionally, the Reduce Learning Rate on Plateau
(ReduceLROnPlateau) function was also implemented to further improve the model's
performance. This function monitors the validation loss and reduces the learning rate if the

validation loss does not improve after a certain number of epochs.
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The learning rate is a hyper-parameter that determines the step size at each iteration of the
optimization process. By reducing the learning rate, we allow the optimization process to take
smaller steps towards the minimum of the loss function, which can help improve the accuracy of

the model.

The model's performance was evaluated using multiple metrics including accuracy score,
precision, recall, confusion matrix and F1 score. These metrics provide a comprehensive analysis

of the model's ability to predict accurately and reliably.

Next, we’ll present the evaluation results of our trained model using two different
approaches. The first approach involved applying data augmentation techniques to the training
dataset, while the second approach used the same model architecture without data augmentation.
In both cases we split the training data into a validation set with a ratio of 60:20 while the left 20%

for testing.

+ With Augmentation techniques
For the first approach, we used the same architecture as the baseline model but applied data
augmentation techniques such as rotation, zooming, width and height shifting and
horizontal flipping to the training and validation images, we evaluated the model's

performance using various metrics such as accuracy score, precision, recall and F1 score.

No Fire Fire Accuracy Macro-avg

Precision 0.95 0.89 - 0.92
Recall 0.94 0.90 - 0.92
F1-score 0.92 0.92 0.92 0.92

Table 5: LF-Model Evaluation using Data Augmentation.

Based on the classification report, the model achieved an overall accuracy of 0.92 on the
test data, which is a reasonable performance. Looking at the precision, recall, and F1-score for
each class, we can see that the model performs better on the "no fire" class compared to the "fire"

class.

= The precision for "no fire" is very high at 0.95 meaning that out of all the predictions the
model made for "no fire", 95% were correct. However, the precision for "fire" is lower at
0.89 meaning that out of all the predictions the model made for "fire", only 89% were
correct.

= The recall for "no fire" is also reasonably high at 0.94, meaning that out of all the actual

"no fire" instances in the test data, the model correctly identified 94% of them. However,
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the recall for "fire™ is much less at 0.90, meaning that out of all the actual "fire" instances
in the test data, the model correctly identified 90% of them.

= The F1-score is a harmonic mean of precision and recall, and is a good overall measure of
the model's performance. The F1-score for "no fire" is 0.92, while the F1-score for "fire"
is equal at 0.92.

= The macro-average of precision, recall, and F1-score is 0.92, which is calculated by
averaging the precision, recall, and F1-score across both classes. This indicates that the
model has a reasonable overall performance, but there is still room for improvement,

particularly for the "fire" class.

Based on the augmentation parameters used, the data was augmented with rotation,
horizontal and vertical shift, shear and zoom. These augmentations can help to improve the model's
ability to generalize to new data by increasing the variability in the training data. However, it's
also possible that some of these augmentations could be detrimental to performance if they

introduce too much noise or distortion.

Overall, the results suggest that the model could benefit from further tuning of the hyper-
parameters and exploration of different augmentation strategies to improve its performance on the
"fire" class.

+ Without Augmentation techniques
For the second approach, we used the same architecture and the same parameters as the

baseline model, but we did not apply any data augmentation techniques to the training data.

No Fire Fire Accuracy Macro-avg

Precision 0.98 0.96 - 0.97
Recall 0.95 0.99 - 0.97
F1-score 0.97 0.97 0.97 0.97

Table 6: LF-Model Evaluation without Data Augmentation.

The classification report provides a comprehensive evaluation of our model's performance.
It includes metrics such as precision, recall, and F1-score for each class (no fire and fire) as well

as the overall accuracy of the model.

In our results, the classification report shows that our model achieved an overall accuracy
of 97.21%. This means that our model correctly predicted the fire or no fire status of 97.21% of

the samples in our test set.
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Looking at the precision and recall for each class, we can see that the model performs well
for both classes. For the no fire class precision is 0.98 and recall is 0.95, indicating that the model
correctly identifies a high proportion of no fire instances and has a low false positive rate. For the
fire class, precision is 0.96 and recall is 0.99, indicating that the model correctly identifies a high
proportion of fire instances and has a low false negative rate.

The F1-score is also high for both classes with values of 0.97 for no fire and 0.97 for fire.

This means that the model performs well in terms of both precision and recall for both classes.

In summary, the classification report shows that our model achieved high accuracy and performs
well in identifying both fire and no fire instances.
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Figure 23: LF-Model Confusion Matrix.

The confusion matrix shown above has two classes: "no fire" and "fire". The rows of the
matrix represent the true labels of the data, while the columns represent the predicted labels of the
data. Therefore, in this case, there were 400 instances of "no fire™ in the true labels, out of which
382 were correctly classified as "no fire" (true negatives), while 18 were misclassified as "fire"
(false positives). Similarly, there were 461 instances of "fire" in the true labels, out of which 455

were correctly classified as "fire" (true positives), while 6 were misclassified as "no fire" (false
negatives).
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Figure 24: LF-Model ROC Curve.

The ROC (Receiver Operating Characteristic) curve is a graphical representation of the
performance of a binary classifier as the discrimination threshold is varied. An ROC curve is
created by plotting the true positive rate (TPR) against the false positive rate (FPR) at various
threshold settings. In this case, the area under the ROC curve (AUC) is 0.97, which indicates a
very good performance of the classifier.
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Figure 25: LF-Model Precision-Recall Curve.

The precision-recall curve shows the trade-off between precision and recall at different
classification thresholds. In this case, the precision-recall curve shows that as the threshold is
increased, the precision and recall values also increase, indicating that the classifier is performing
well at correctly classifying both "no fire" and "fire" instances. The precision and recall values

both approach 1.0 at the upper right corner of the curve, indicating a high level of performance.
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Figure 26: LF-Model Training and Validation Plots.

The training process of the model started with an initial loss of 3.2594 and an accuracy of
0.7235 on the training set. The validation loss was 0.5098 with a validation accuracy of 0.9009.
As the training progressed, the model's loss decreased and accuracy increased with each epoch.
The final loss was 0.0035 with an accuracy of 1.0 on the training set, and the validation loss was
0.0101 with a validation accuracy of 0.9914. These results indicate that the model is performing

very well on both the training and validation sets.

The loss plot shows the decrease in loss over each epoch while the accuracy plot shows
the increase in accuracy. In this case, both plots show a steady decrease/increase in their
respective values which indicates that the model is learning and improving with each epoch. This

is a healthy process of training without any sign of over-fitting.

The early stopping function was applied with a patience of 7 epochs. This means that if
the validation loss does not improve for 15 consecutive epochs, the training process will stop.

This is done to prevent over-fitting and ensure that the model generalizes well on unseen data.

Overall, the plots and results show that the model is performing well and the training

process is healthy, with no signs of over-fitting.

5.2 Comparison of Different CNN Architectures

The performance of a Convolutional Neural Network (CNN) model highly depends on its
architecture and the number of layers it comprises. In this subsection, we present a comparison of
the performance of three popular CNN architectures namely VGG16 and InceptionV3 for our
image classification task. We employed the same hyper-parameters and training settings for each
architecture to ensure a fair comparison. We evaluated the models using several metrics such as
accuracy, precision, recall, and F1 score. We also provide a table and graph summarizing the

performance to facilitate easy comparison.
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5.2.1 Training and Evaluation of VGG16 Model

VGG16 is a convolutional neural network architecture known for its simplicity and its
strong performance in image classification tasks, introduced in 2014 by researchers at the Visual
Geometry Group at the University of Oxford. The architecture consists of 16 layers with 13
convolutional layers and 3 fully connected layers. The convolutional layers are all 3x3 filters with
the number of filters increasing from 64 to 512 as the depth of the network increases. Also includes

max pooling layers and dropout layers to reduce over-fitting. (46)

After loading the pre-trained VGG16 model with the weights of the ImageNet dataset and
freezing the feature extraction layers, we added our own MLP head for classification with the same
hyper-parameters. The results showed that the model achieved a high accuracy score on the test

set, indicating that VGG16 is a powerful architecture for image classification tasks.

In order to comprehensively evaluate the performance of the model, we calculated a variety of

metrics.

No Fire Fire Accuracy Macro-avg

Precision 0.99 0.98 - 0.99
Recall 0.98 1.00 - 0.99
F1-score 0.99 0.99 0.98 0.99

Table 7: VGG 16 Model Evaluation Metrics.

= This evaluation report shows the performance metrics of the VGG16 model. The accuracy
score is 0.9884, indicating that the model correctly classified 98.84% of the test samples.
The precision for the "no fire"” class is 0.99, meaning that 99% of the samples classified as
"no fire" are actually "no fire". The recall for the "fire" class is 1.00, indicating that the
model correctly identified all the "fire" samples. The F1-score for both classes is 0.99,
which is a harmonic mean of precision and recall. Overall, the weighted average F1-score
is 0.99, demonstrating the high performance of the VGG16 model in classifying fire and

non-fire images.
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Figure 27: VGG 16 Model Training and Validation Plots.

= The training process of VGG16 began with an initial epoch where the loss and accuracy
values were recorded as 0.3786 and 0.9178, respectively, while the validation loss and
validation accuracy were 0.0605 and 0.9862, respectively. The training process was
stopped early with a patience of 5 since the VGG16 model's base had already been trained.
The final epoch of the model resulted in a loss value of 0.0014 and an accuracy of 0.9993.

The validation loss and validation accuracy were 0.0495 and 0.9890, respectively.

5.2.2 Training and Evaluation of InceptionVersion3 Model

InceptionV3 is a convolutional neural network architecture developed by Google. It is an
improvement over the original Inception model and is designed to be more computationally
efficient while still achieving high accuracy. The architecture is based on the idea of using
"inception modules™ which allow the network to learn multiple levels of abstraction in parallel.
These modules consist of several convolutional layers with different filter sizes as well as pooling
and concatenation layers. It’s also including other features such as batch normalization and

residual connections to improve training stability and performance. (47)

With the same steps done, we computed a range of metrics to assess the performance of

inception V3:

No Fire Fire Accuracy Macro-avg

Precision 0.75 0.94 - 0.85
Recall 0.95 0.73 - 0.84
F1-score 0.84 0.82 0.83 0.83

Table 8 :Inception V3 Model Evaluation Metrics.
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These results for Inception V3 show an accuracy score of 0.829 indicating that the model
is able to correctly classify fire and no fire instances with an accuracy of 83%. The
precision and recall scores for both classes are also above 0.7 which suggests that the model
is performing well in terms of correctly identifying positive instances (fires) and negative
instances (no fires). However, it's important to note that the performance of Inception V3
is not as good as that of VGG16 as the accuracy score and other evaluation metrics are
lower. Overall, while the training of Inception V3 appears to be healthy, there may be room

for improvement in terms of its performance.
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Figure 28: Inception V3 Model Training and Validation Plots.

The training of Inception V3 started with a loss of 1.5605 and accuracy of 0.6699 in the
first epoch, early stopping was applied with a patience of 5 as the base of Inception V3 was
already trained. The final epoch had a loss of 0.3101 and accuracy of 0.8819. Overall, this
training result seems to be decent, with a final validation accuracy of 0.8926. However, the
training time per step is relatively long compared to VGG16, which may not be ideal in

certain scenarios.

5.3 Evaluation of Ensemble Learning Techniques

In this section, we explore the evaluation of ensemble learning techniques, specifically the

combination of a CNN (Convolutional Neural Network) with an SVM (Support Vector Machine)

and a Vision Transformer.

5.3.1 Training and Evaluation of Vision Transformers Model

To train the Vision Transformer, we used ensembles of ordered functions with specific

hyper-parameters. The learning rate was set to 1le-3, weight decay to 0.0001, batch size to 128 and
the total number of epochs to 80. The input images of the utilized dataset were resized to a
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dimension of 75x75 pixels and patches of size 15x15 were extracted from these images. The
projection dimension was set to 64 and there were 4 attention heads in the transformer. The

transformer consisted of 4 layers and the dense layers of the final classifier had sizes of (256, 128).

The training process involved augmenting the data, creating patches from the input images,
and encoding these patches using the Vision Transformer. Multiple layers of the Transformer
block were used, which included layer normalization, multi-head attention, skip connections, and
MLP (Multi-Layer Perceptron) layers. The final representation was obtained by flattening the
encoded patches, applying dropout, and passing it through an MLP. The model was compiled using
the Adam optimizer with a specific loss function (Binary Cross entropy) and accuracy as the

metric. Early stopping was implemented with a patience of 20 epochs.
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Figure 29: ViT Model Training and Validation Plots.

Based on the provided logs, we can see that the initial accuracy of the vision transformer
was 0.50 and the final accuracy after 80 epochs with early stopping was 0.7584. The training loss
decreased from 5.57 in the first epoch to 3.92 in the last epoch before early stopping. However,

the validation loss decreased from 5.60 in the first epoch to 1.54 in the last epoch before early
stopping.

Metric Value
Accuracy 75.84%
Precision 81.38%

Recall 71.14%
F1 score 75.92%

Table 9: VIiT Model Evaluation Metrics.
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The advantages of Vision Transformers are that they can handle images of arbitrary sizes
and scales. They are also computationally efficient as they do not require as much computation as
Convolutional Neural Networks (CNNs). Additionally, the attention mechanism of Vision
Transformers allows them to capture the global dependencies between image patches, making
them suitable for tasks that require long-range dependencies. However, one disadvantage of Vision
Transformers is that they require a large amount of training data and also most importantly require
a longer training time than CNNs which can make them impractical for our applications.
Additionally, Vision Transformers are more sensitive to hyperparameters so it can be difficult to
find the optimal set of hyperparameters for a given task.

5.3.2 Training and Evaluation of LF-Model (CNN) + SVM Model
We performed training and evaluation on the LF-Model (our CNN model) with an SVM

classifier. The next steps explain the process:

= We created a new model called feature extractor using the Keras functional API. This
model takes the same input as the original model but outputs the activations from the
second-to-last layer of the original model. By doing this we obtained a model that extracts
features from the convolutional layers of the LF-Model.

= We used the feature extractor to extract features from the training and validation data. This
was done by calling the predict method of the feature extractor model on the respective
data sets. The extracted features were stored in training features and validation features.

=  We initialized an SVM classifier (SVM) using the SVC class from scikit-learn.

= We trained the SVM classifier (SVM) on the extracted features (training features) and
corresponding labels (training labels) using the fit method.

» Finally, we evaluated the trained SVM classifier on the validation features (validation
features) and computed the accuracy using the score method. The obtained SVM accuracy
was printed as SVM Accuracy: 98,62 %.

In summary, we leveraged the trained LF-Model to extract meaningful features from the
convolutional layers and then utilized these features to train an SVM classifier. By evaluating the
SVM classifier on the validation data, we obtained a high accuracy score, indicating the

effectiveness of the combined LF-Model and SVM approach for the given task.
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5.4 Comparing our obtained results with other models

5.4.1 Comparison of LF-Model with implemented architectures

We compare the LF-Model with different architectures that were implemented in our
experiments. These architectures include VGG16, Inception V3, Vision Transformers, and our
model combined with SVM. We evaluate and compare the performance of each model based on
various metrics such as accuracy, precision, recall, and F1-score. We analyze the results to identify
which architecture achieved the best performance in terms of accurately predicting and preventing
forest fires. We consider factors such as model complexity, training time, and the ability to handle

different types of data.

The evaluation results of different models and techniques are summarized in the table

below:
Method Accuracy Precision Recall F1 score
LF-Model 97.21% 97% 97% 97%
VGG16 98.84% 99% 99% 99%
Inception V3 82.9% 85% 84% 83%
Vision Transformers 75.84% 81.38 71.14 75.92
LF-Model + SVM 98,62 % 98.0% 98.1% 98%

Table 10: Comparison of LF-Model with implemented Models.

Based on the evaluation metrics, it is evident that the LF-Model achieved an accuracy of
97.21% while VGG16 performed even better with an accuracy of 98.84%. However, VGG16 is
computationally complex and may not be the ideal choice due to its high computational

requirements.

In comparison, Inception V3 achieved an accuracy of 82.9%, which is lower than LF-
Model and VGG16. While Vision Transformers achieved an accuracy of 75.84%, indicating lower
performance compared to the other models. Vision Transformers may require further optimization

to improve its performance and a reasonable amount of data.
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Furthermore, LF-Model combined with SVM achieved an accuracy of 98.62%, which is
comparable to VGG16 but with the added advantage of simpler model architecture. However, it is
important to note that LF-Model + SVM has the disadvantage of increased computational time in
real-time implementations, as it involves passing frames through the LF-Model to extract features
and then feeding them into a separate SVM model.

Considering the trade-offs between accuracy, computational complexity, and real-time
implementation, it is recommended for us to choose the LF-Model as it achieves a good balance

between performance and efficiency.

5.4.2 Comparison of LF-Model with Existing works

In the second subsection, we conduct a comprehensive comparison between our LF-Model
and existing works in the field of preventing forest fires. Through an extensive review and analysis
of relevant literature, we have gained insights into the various approaches employed in previous
research. By comparing the performance of our model with the reported results in these studies,
we carefully evaluate its efficacy using key evaluation metrics such as accuracy, precision, recall,
and F1-score. Furthermore, we meticulously assess the strengths and weaknesses of our model in
relation to the existing works, emphasizing any noteworthy contributions or enhancements that we
have introduced. This thorough comparison allows us to ascertain the effectiveness of our model
in addressing the crucial challenge of preventing forest fires and its potential implications in the
field.

Method Accuracy Precision Recall F1 score
LF-Model 97.21% 97% 97% 97%
(19) 94.39% 82% 98% 89%
(20) 95.86% 100% 99% 99%
(21) 97.6% 97% 98% 98%

Table 11: Comparison of LF-Model with Existing Models.

In comparing our LF-Model to existing models, we have achieved notable results and made
significant contributions in addressing the challenge of preventing forest fires.
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The LF-Model demonstrated an accuracy of 97.21%, with precision and recall both at 97%,

and an F1 score of 97%. These metrics indicate the model's ability to accurately classify fire and

non-fire instances.

Comparing our model to Model 19, we outperformed it in terms of accuracy (97.21% vs.
94.39%). Additionally, our model showed higher precision (97% vs. 82%) and comparable
recall (97% vs. 98%), resulting in a higher F1 score (97% vs. 89%). This suggests that our
LF-Model is more reliable and effective in detecting and preventing forest fires.

In comparison to Model 20, our LF-Model achieved a slightly higher accuracy (97.21%
vs. 95.86%). Furthermore, our precision (97% vs. 100%), recall (97% vs. 99%), and F1
score (97% vs. 99%) were comparable or slightly lower. These results indicate that our LF-
Model performs well and is on par with Model 20, demonstrating its effectiveness in forest
fire prevention.

When comparing our LF-Model to Model 21, we achieved a similar accuracy (97.21% vs.
97.6%). The precision (97% vs. 97%) and recall (97% vs. 98%) were also similar, resulting
in a comparable F1 score (97% vs. 98%). This suggests that our LF-Model performs at a

similar level to Model 21 in detecting and preventing forest fires.

Overall, our LF-Model exhibits strong performance and compares favorably to existing

models in terms of accuracy, precision, recall, and F1 score. The meticulous assessment of our

model in relation to other existing models highlights its effectiveness and potential implications in

the field of forest fire prevention.

6. System Interface

In the System Interface section, we present the user interface of our application showcasing

its key functionalities. The application consists of a single page with an intuitive design that allows

users to easily interact with the classification model.
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Figure 30: Home Page

Figure (30) illustrates the main interface of our application. The interface includes a central
image display box (labeled as 1) where users can view the images that have been classified by the
model. Above the image display box, there is a label text (labeled as 2) that dynamically shows
the class label assigned to the classified image. This provides users with immediate feedback on

the predicted class.

To facilitate user interaction, the application offers three primary functions through

dedicated buttons.

= Button (3) allows users to upload a video for classification. By clicking this button, users
can select a video file from their local system, and the application will process the video
frames one by one, classifying them in real-time. This functionality is particularly useful
for analyzing and categorizing video footage related to forest scenes or fire incidents.

= Button (4) enables users to upload an image for classification. Upon clicking this button,
users can select an image file from their device. The application will then promptly classify
the image and display the result in the image display box (1) along with the corresponding
class label in the label text (2). This functionality allows users to obtain instant predictions

for individual images.
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= For real-time forest classification, users can utilize Button (5). By clicking this button, the
application will activate the camera feed and begin real-time classification of the forest
scenes captured by the device's camera. The classified images will be displayed in the
image display box (1), while the corresponding class labels will be shown in the label text
(2). To stop the real-time classification, users can simply click the "Stop Video Feed"
button (6).

The system interface of our application provides users with a seamless and user-friendly
experience, allowing them to effortlessly upload videos or images for classification and obtain
real-time predictions for forest scenes. The intuitive design and clear display of results make it

accessible for both experts and non-experts in the field of forest fire prevention and monitoring.

7. Testing

In the Testing section, we discuss the process of evaluating our classification model
through various testing scenarios. We present three figures that demonstrate different aspects of

the testing process.
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Figure 31: Image Classification Functionality.

Figure 31 showcases the image classification functionality of our application. Users can
upload an image by selecting it from their local system using the provided button. Upon uploading
the image, the application processes it through the classification model, and the label text
dynamically updates to display the predicted class of the image. This figure visually represents the
seamless integration of the model into our application, enabling users to obtain accurate and real-

time classifications for individual images.
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Figure 32: video classification.

Figure 32 focuses on the testing of video classification. Users can upload a video file by
clicking the dedicated button. The application then processes each frame of the video sequentially
performing real-time classification for each frame. However, to overcome the potential flickering
of the class label due to frame-by-frame classification, we introduce a technique where the average
prediction and label of 32 consecutive frames are computed. This technique helps provide a more
stable and reliable class label for the entire video. Figure 2 illustrates the preprocessing and
averaging process, ensuring a smoother and more accurate classification experience for video
inputs.
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Figure 33: Real-time classification functionality.
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Figure 33 demonstrates the real-time classification functionality of our application. By
clicking the real-time classification button, users can activate the device's camera feed, allowing
the application to continuously process and classify the live video stream. The classified frames
are displayed in real-time, along with the corresponding class labels. This figure exemplifies the
practical application of our model for monitoring and classifying forest scenes in real-time,

providing immediate insights and alerts in critical situations.

Through these testing scenarios depicted in the figures, we validate the robustness and
effectiveness of our classification model. The image classification, video classification with frame
averaging and real-time classification functionalities demonstrate the versatility and adaptability

of our system in different usage scenarios.

8. Conclusion

In conclusion, our research focused on developing an effective model for preventing forest
fires. We began by implementing the LF-Model, which achieved a commendable accuracy of
97.21%, along with balanced precision, recall, and F1 score, all at 97%. This demonstrated the
reliability of the LF-Model in accurately classifying fire and non-fire instances.

To further enhance our model, we explored different CNN architectures, including VGG16,
Inception V3, and Vision Transformers. The VGG16 architecture exhibited impressive
performance, with an accuracy of 98.84%, precision and recall both at 99%, and an F1 score of
99%. However, its computational complexity and resource requirements made it less suitable for
our application.

The Inception V3 architecture, although less accurate with an accuracy of 82.9%, still
demonstrated satisfactory precision, recall, and F1 score, indicating its potential effectiveness in
fire detection. However, compared to the LF-Model and VGG16, its performance was relatively
lower.

We also explored the use of Vision Transformers, which achieved an accuracy of 75.84%.
Although the accuracy was comparatively lower, it showcased an acceptable precision and recall.
However, the F1 score indicated room for improvement. The advantage of Vision Transformers
lies in their ability to capture global dependencies in the input data, but further refinement is needed
to enhance their performance in fire detection.

Additionally, we evaluated the performance of the LF-Model combined with SVM as an
ensemble learning technique. This approach achieved an accuracy of 98.62% and demonstrated
excellent precision, recall, and F1 score, all above 98%. However, it should be noted that the LF-
Model + SVM has the disadvantage of increased computational time, which may limit its real-

time implementation, particularly in scenarios where quick decisions are required.
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Comparing all the architectures and experiments conducted, the LF-Model showcased strong
performance, providing a balance between accuracy and computational efficiency. The VGG16
architecture demonstrated excellent accuracy but was computationally complex, making it less
suitable for real-time implementation. Inception V3 showed satisfactory performance but had
room for improvement. Vision Transformers exhibited potential but required further optimization.

Overall, our LF-Model, in combination with the SVM ensemble technique, offers a
compelling solution for forest fire prevention. Its accuracy, precision, recall, and F1 score highlight
its effectiveness in accurately detecting and classifying fire instances. Further research and
refinements can be undertaken to improve the performance of Vision Transformers and explore
other ensemble learning techniques to enhance the LF-Model further. Our study contributes
valuable insights into the field of forest fire prevention, paving the way for future advancements

and applications in this critical area.
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General Conclusion and Perspectives

In conclusion, we reflect on the journey of our work in preventing forest fires using
artificial intelligence which has addressed the challenge of developing an effective solution to this
pressing issue. Throughout our research, we have explored various aspects related to forest fires,
including their patterns, triggers, effects, and existing prevention approaches.

During the course of our work, we encountered several difficulties that needed to be
overcome. One of the challenges was acquiring a comprehensive dataset for training our models.
To address this, we utilized an existing dataset rather than creating a new one. Additionally, we
focused on designing a lightweight and accurate architecture, the Light-Fire Model (LF-Model),
which aimed to achieve high accuracy while maintaining computational efficiency. We faced the
challenge of striking a balance between accuracy and efficiency in our model, which required

careful parameter optimization and dealing with issues such as class imbalance and overfitting.

Another hurdle we encountered was the development of a user-friendly and intuitive
application interface. Designing an interface that seamlessly integrated the classification models
while providing easy accessibility to users required a careful balance of aesthetics and
functionality. Ensuring smooth and efficient video processing, real-time classification and reliable

class label display were additional complexities that needed to be addressed.

Despite these challenges, we successfully developed an application that showcased
promising results in preventing forest fires. Our application reasonably classified images and
videos providing accurate and real-time predictions of fire occurrences. The integration of
different models, such as LF-Model, VGG16, Inception V3, and Vision Transformers, allowed us

to compare their performances and identify the most effective approaches.

While our work yielded significant strengths, such as accurate classification, real-time
processing, and user-friendly interface, it also had certain limitations. For example, the
computational complexity and resource requirements of the VGG16 model made it less suitable
for real-time deployment. Additionally, the LF-Model combined with SVM exhibited time-
consuming processing, particularly in real-time applications. These limitations highlighted the

need for optimization and trade-offs in terms of model selection and deployment considerations.

Looking ahead, there are several directions for future research and improvement. First,
incorporating additional data sources, such as satellite imagery, could enhance the

comprehensiveness of our system. Exploring ensemble learning techniques and integrating real-
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time data streams, such as weather updates and remote sensing data, could further enhance the

accuracy and proactive nature of our fire prevention measures.

In summary, our thesis has contributed to the field of forest fire prevention using artificial
intelligence. By continuously refining and enhancing our approach we can make significant strides

in preserving natural ecosystems and mitigating the devastating impact of forest fires.
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Résumé

Les incendies de forét sont un probleme mondial qui a de graves répercussions sur les écosystemes
et les communautés. Cette these aborde la question urgente de la prévention des incendies de forét en
utilisant I'intelligence artificielle, en particulier les techniques d'apprentissage profond. La recherche
explore divers aspects liés aux incendies de forét, y compris leurs modeéles, leurs déclencheurs, leurs
effets et les approches de prévention existantes. Les défis rencontrés au cours du processus de
recherche, tels que I'acquisition d'un ensemble complet de données et la conception d'un modele léger
mais précis, sont discutés. Le systeme proposé utilise I'apprentissage automatique supervisé, en
mettant I'accent sur le modéle d'incendie 1éger (modele LF), pour détecter et classer les incendies de
forét. Les résultats démontrent I'efficacité du systeme pour classifier avec précision les incendies en
temps réel. Les limites et les compromis des modéles sont egalement discutés, soulignant le besoin
d'optimisation et les considérations de déploiement. En affinant et en améliorant continuellement le
systeme, cette these contribue a la préservation des écosystemes naturels et a I'atténuation de I'impact
dévastateur des incendies de forét.

Mots clés : Classification, Apprentissage Profond, Incendies de Forét, Modéle d'incendie léger,
Prévention.

Abstract

Forest fires are a global concern with severe implications for ecosystems and communities. This thesis
addresses the pressing issue of forest fire prevention using artificial intelligence, specifically deep
learning techniques. The research explores various aspects related to forest fires, including their
patterns, triggers, effects, and existing prevention approaches. The challenges encountered during the
research process, such as acquiring a comprehensive dataset and designing a lightweight yet accurate
model, are discussed. The proposed system utilizes supervised machine learning, with a focus on the
Light-Fire Model (LF-Model), to detect and classify forest fires. Results demonstrate the
effectiveness of the system in accurately predicting fire occurrences in real-time. The limitations and
trade-offs of the models are also discussed, highlighting the need for optimization and deployment
considerations. By continuously refining and improving the system, this thesis contributes to the
preservation of natural ecosystems and the mitigation of the devastating impact of forest fires.
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