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Abstract

Fires cause great damage when they burst, and often have great destructive effects on
the environment and surroundings. The most effective way to limit the damage is the early
detection of fire before it spreads.

This work investigates the ability of Deep Learning to identify and distinguish fire, as well
as reduce detection time, by applying object detection on a video or image stream. Over the
previous years, object detection has advanced gradually in terms of speed and accuracy. In
this work, we proposed a solution based on Deep Learning to deal with such phenomena from
collecting various datasets to training them using the one-stage detector YOLOv8 and YOLOv5H
and the two-stage detector Faster RCNN with VGG16/19, Xception, Inceptionv3, MobileNet,
and our proposed hybrid model Xception-VGG19 which is a concatenation of both VGG19
and Xception as backbones. We gathered 6 different datasets of fire and smoke. The obtained
results were satisfying using YOLOvS8, with D4 which contains smoke-only images with 99%
mAP@Q.5 followed by D6 with 93%, D3 with 92%, and D5 with 70%. With YOLOv5 D2 43%
and D1 34%. Moving forward to the two-stage detection the best outcomes were obtained by
Xception-VGG19 with 44% followed by Inceptionv3 with 43%, VGG16 with 40%, VGG19 with
35%, MobileNet with 33%, and Xception with 23%. We also proposed a simulation scenario
using UAVS to take down fire once detected by cameras as an extension of our work.

Keywords : AI, ML, DL, TL, Object detection, CNN, YOLO, Faster Rcnn,
VGG19/16, Xception, Inception, Mobilenet, UAVs



Résumé

Les incendies causent de gros dégats lorsqu’ils s’enflamment et ont souvent de grands effets
destructeurs sur ’environnement et les alentours. Le moyen le plus efficace de réduire les
dommages est la détection précoce des incendies avant qu’ils ne se propagent.

Ce travail étudie la capacité de l'apprentissage profond a identifier et caractériser le feu,
ainsi que sa détection précoce en appliquant la détection d’objet a un flux d’images. Au cours
des derniéres années, la détection d’objets a considérablement progressé en termes de vitesse
et de précision. Dans ce travail, nous avons proposé une solution basée sur 'apprentissage en
profondeur pour gérer de tels phénomeénes, de la collecte de différents ensembles de données
a leur apprentissage a l'aide du détecteur a un étage YOLOvVS8 et YOLOvV5S, du détecteur a
deux étages Faster RCNN avec VGG16/19, Xception, Inceptionv3 et MobileNet, et notre mod-
éle hybride proposé Xeption-VGG19 qui est une série de VGG19 et Xception comme épines
dorsales. Nous avons collecté 6 ensembles de données différents sur les incendies et la fumée.
Les résultats obtenus avec YOLOvVS ont été satisfaisants, D4 n’ayant que des images de fumée
a 99% suivi de D6 a 93%, D3 a 92% et D5 a 70%. avec YOLOvS D2 43% et D1 34%. La
meilleure détection en deux étapes est Xception-VGG19 a 44%, suivie de Inceptionv3 a 43%,
VGG16 a 40%, VGG19 a 35%, MobileNet a 33% et Xception a 23%. Nous avons également
proposé un scénario simulé utilisant des drones pour abattre des flammes une fois détectées par
des caméras dans le prolongement de notre travail.

Mots clés : apprentissage profond,apprentissage par transfert,intelligence artifi-
cielle,détection d’objets,NN, YOLO, Faster Rcnn, VGG19/16, Xception, Inception,
Mobilenet,UAVs: Véhicules Aériens Sans Pilote (VAPS)
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1.1 Context

When a fire breaks out, there is little time to get safe. In a few moments, a fire can
spread out and sometimes get bigger by doubling or tripling in size. A fire can burn out of
control in less than half a minute, filling the area with heat and thick, toxic smoke. The
heat emitted by a fire is deadly. Breathing in super-heated air can do damage to the lungs.
The toxic chemicals, thick smoke, and lack of oxygen is the reason that kills the majority of
people who die in fires. Therefore, early fire detection and alarm with high sensitivity and
accuracy are essential to reduce fire losses. There are various sorts of detectors, each with its
own set of advantages and disadvantages. The maximum appropriate ceiling height for a point
smoke detector, carbon monoxide detector, and aspirating detection system is 10.5 meters.
The maximum ceiling height for optical beam smoke detectors is 25 meters, and 40 meters if
equipped in extra sensitive mode. However, these fire detection technologies, are not suitable
for large spaces, complex buildings, or spaces with many disturbances. Due to the limitations
of the above detection technologies, missed detections, false alarms, detection delays, and other
problems often occur, making it even more difficult to achieve early fire warnings. Thus a deep
learning-based model associated with the above detectors can reduce the damage and increase
the fire’s survival rate. The primary challenge for computer vision fire detection systems is
caused by many natural events, such as sunlight reflecting on buildings, car lights at night, and
working with different lighting conditions, which can cause a false alarm. Significant research,
methods, and realizations have been made to detect or, at the very least, achieve a rather good
accuracy rate. Our goal in this work is to train a neural network to detect fire and smoke
from a camera in real-time using both one-stage detectors such as YOLOv8n and YOLOv5n
and two stages detectors such as Faster RCNN with different backbones architectures such as
VGG16/19, Xception, Inceptionvd and MobileNet when the smoke detectors and fire alarms are
less efficient. This Al might potentially function as an additional layer of protection integrated
with a smoke detector for increased precision in circumstances. In addition to detecting fire,
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we made a scenario to fight such phenomena using UAVs in forests or wide areas. once the fire
is detected via cameras, the nearest UAV with a sufficient battery and water tank will be called
to extinguish the fire, however, if the fire can not be extinguished using one UAV then multiple
UAVS shall be called, if even with the assistance of those UAVs the fire is still present, then
the last resort is to call the fire department.

1.2 Organization of the thesis

In the first chapter, we will give an overview of Artificial Intelligence (AI), Machine Learning
(ML), and Deep Learning (DL), as well as explain the ideas of neural networks and their types,
including how object identification works and its two types of detectors and their metrics.

Next in the second chapter, we attempted to concentrate on recent related work created in
the same context as our study.,and provide a classification of these studies. Then we compared
them.

The third chapter is devoted to explaining our approach, the techniques, and the CNN
models we used. Then finally we discussed the obtained results as well as we proposed a
simulation scenario using UAVs as an extension of our work
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2.1 Introduction

In these past decades, artificial intelligence has been increasingly becoming a dominant
branch of computer science in various applications, it is being applied in almost every industry
from self-driving cars to being used in finances, health care, stock management, gaming, and
many other fields. In this chapter, we are going to define Al and mention a brief history of its
appearance, its sub-fields, ML types, and DL.

2.2 Artificial intelligence :

It is well known that the phrase “Artificial Intelligence (AI)” means different things to differ-
ent people. Defined by John McCarthy Al is the science and engineering of making intelligent



Chapter 2: Background

machines, especially intelligent computer programs. It is related to the similar task of using
computers to understand human intelligence, but Al does not have to confine itself to methods
that are biologically observable [12].

Today, many Al researchers define Al as the study of intelligent agents. For example, Stuart
Russell and Peter Norvig said that artificial intelligence means an intelligent agent and an agent
means a software system that perceives its environment through sensors and acts upon that
environment through actuators [13].

Roger C.Shank said that AI is the exercise in the search for the proper formalisms to use in
representing knowledge[14]. He also discussed whether AI should be considered as software
engineering to which he said that it is difficult to determine .he also questioned if Al is a psy-
chology, and if it is linguistic to which he concluded that the answer to the question “What is
AT” does not have one single answer. Wang gave 5 definitions of Al the first was structure-Al
which mainly contributes to the study of the human brain, then behavior-Al that mainly con-
tributes to the study of human psychology, capability-Al which mainly contributes to various
application domains, by solving practical problems there, also function-AI that mainly con-
tributes to computer science, by producing new software (sometimes also hardware) that can
carry out a certain type of computation, and lastly principle-Al that mainly contributes to the
study of information processing in different situations, by exploring the implications of different
assumptions. [2].

2.2.1 History of AI and how it has progressed over the years:

After world war two, a number of people independently started to work on intelligent ma-
chines. The concept of Al had been known since the 1950s. Alan Turing In 1950 published
his seminal article “Computing Machinery and Intelligence”[15]. where he described how to
create intelligent machines and in particular how to test their intelligence. This Turing Test
is still considered today as a benchmark to identify the intelligence of an artificial system: if
a human is interacting with another human and a machine and is unable to distinguish the
machine from the human, then the machine is said to be intelligent. The first time in 1956 the
term “Al” was used in Dartmouth College in the US by Marvin Minsky and John McCarthy (a
computer scientist at Stanford).they hosted a workshop founded by the Rockefeller Foundation.
An early example is the famous ELIZA computer program, created between 1964 and 1966 by
Joseph Weizenbaum at MIT. ELIZA was a natural language processing tool able to simulate
a conversation with a human and one of the first programs capable of attempting to pass the
aforementioned Turing Test [16]. the Japanese government began to heavily fund Al research
in the 1980s, to which the U.S. DARPA responded with a funding increase as well. In 1997
IBM’s deep blue chess playing program was able to beat the world champion at the time, it
was able to process and determine the next move using a method called tree search|[17|. The
creation of research on Artificial Neural Networks was in the 1940s when a Canadian psychol-
ogist developed a theory known as Hebbian learning [18|that was similar to the neurons in the
brain. Jumping forward to 2015 when the artificial neural networks made a comeback as Deep
learning through the program AlphaGo developed by Google which was able to beat the world
champion in the board game named “Go”. Today artificial neural networks and Deep Learning
form the basis of most applications we know under the label of AIl. They are the basis of image
recognition algorithms used by Facebook, and speech recognition algorithms that fuel smart
speakers and self-driving cars|16].
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2.2.2 How AI works :

AT systems work by combining large amounts of data records and extracting that data into
compatible class objects technologies with fast processing algorithms, allowing the software to
learn automatically from features or patterns in the data. Al focuses on three cognitive skills

e Learning processes: This area of Al programming focuses on collecting data and de-
veloping algorithms to transform the data into usable knowledge. These algorithms give
computing devices detailed instructions on how to carry out a task.

e Reasoning processes:This area of Al programming is concerned with selecting the
appropriate algorithm to achieve a desired result.

e Self-correction processes: This feature of Al programming is to continuously improve
algorithms and make sure they deliver the most precise results.

2.2.3 Key components of Al:

There are many different fields within A, each one having its specific algorithms. Therefore,
it’s essential to know that Al is not a single field but a combination of various fields. Al can be
broken down into two major fields, Machine Learning (ML) and Neural Networks (NN). Both
are sub-fields under Artificial Intelligence, and each one has its methods and algorithms to help
solve problems. [19]

machine
learning

neural
networks

deep
learning

Figure 2.1: Components of Al

2.3 Machine learning :

ML is the practice of programming computers to learn from data. In the following example,
the program will easily be able to determine whether a given text (email) is spam or not
spam. In ML, data is referred to as called training sets, With ML, as an Al application,
comes the importance of focusing on creating systems and models that can access Big Data
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sets available today, and the system automatically modifies, learns, and enhance predictability
and performance through its settings to boost and enhance the experience and ensure the
effectiveness of predictive analyses [20]| [21] Besides, all ML are elements of Al but not all Al
is considered ML, which make ML a sub-branch of the Al domain. ML refers to the segment
of computer science whose purpose is to build and operate existing algorithms to establish
generalized models that give accurate patterns and predictions. Using historical data, ML
algorithms are based on statistical and mathematical models to help machines mimic human
behavior|[20]

2.3.1 Types of machine learning:

Types of Machine Learning can be classified into three categories which are based on different
algorithms to solve problems. The type of algorithm used depends on the type of problem that
you want to solve, the number of variables, and the type of model that gives it would suit best.
The following figure shows a hierarchy of ML :

Artificial neural network
Support vector machines
Linear regression

Logistic regression
Random forests (RF)

Instance-based learning(e.g.,K-nearset
neighbors)

MaChlne Iearnlng Principal componants analysis (PCA)

Unsupervised Artificial neural network

Clustering K-means

Reinforcement Q-learning
Semi-supervised

Figure 2.2: Types of ML.

2.3.1.1 Supervised learning:

Supervised learning entails learning a mapping between a set of input variables X and an
output variable Y and applying this mapping to predict the outputs for unseen data. The name
invokes the idea of a ‘supervisor’ that instructs the learning system on the labels to associate
with training examples. Typically these labels are class labels in classification problems. Su-
pervised learning algorithms induce models from these training data and these models can be

6
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used to classify other unlabeled data|22|. Input data can be numeric, alphanumeric values, or
images. Output data (variable to be predicted) can be either a Discrete variable or a continu-
ous variable. The data set is usually divided into two sets, "Training Set” and "Test Set”. The
training set is used to learn the relationship between the input and the output, the test set is
used to validate the model by measuring its precision.

Labeled Data

O Prediction

Square
OO ] . :.: _ > [
AA v A Triangle

Lables

O D — Test Data

Hexagon Square

Model Training

Triangle

Figure 2.3: supervised learning structure.

e The purpose of supervised learning: Supervised learning is mainly used for two
purposes:

1. classification When the variable to be predicted takes a discrete value, we speak
of a classification problem. When all the classes exceed two classes, we speak of
multi-class classification.

2. Regression: When the variable to be predicted is a specific value, we are talking
about a regression problem, a regression algorithm makes it possible to find a model
(a mathematical function) according to the training data (input data). The calcu-
lated model will make it possible to give an estimate on new data not yet seen by
the algorithm (which was not part of the training data)

2.3.1.2 Unsupervised learning:

Unsupervised learning involves the computer learning on its own while using unlabeled
data. In the unlabeled data, the machine looks for patterns and responds. By grouping data
along similar features or analyzing datasets for underlying patterns, unsupervised learning is a
powerful tool used to gain insight from this data. In contrast, supervised machine learning can
be resource intensive because of the need for labeled data.

Unsupervised machine learning is mostly utilized to:

e Cluster datasets based on shared features or data segments.

e Recognize relationships between various data points, such as automated music sugges-
tions.
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e Execute preliminary data analysis

Raw Data Qutput

Figure 2.4: Unsupervised learning structure.

Unsupervised learning can be further grouped into types

e Association:

Association is a rule-based machine learning technique to ascertain the likelihood of the
co-occurrence of items in a collection.

e Clustering: Clustering is a technique for grouping objects into clusters that are similar
among themselves and are dissimilar from the objects belonging to another cluster.

2.3.1.3 Difference between supervised and unsupervised learning:

Supervised learning techniques are more powerful than unsupervised techniques because the
availability of labeled training data provides clear criteria for model optimization. [22]

Table 2.1: Difference between supervised and unsupervised learning.

Supervised Unsupervised
all data is labeled all data is unlabeled
It has feedback mechanism It has no feedback mechanism

Can be divided into : classification ,regression | Can be divided into: clustering ,association

Real-life applications: Image classification, Real-life applications: Semantic clustering,

visual recognition identifying accident-prone areas
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2.3.1.4 Reinforcement learning:

Unlike the other two learning frameworks, which operate using a set of static data, RL works
with data from a dynamic or unknown environment. RL has no aim to regroup the data or
to label the data, but to find the best sequence of actions that generate the optimal outcome.
RL solves this problem by allowing a component called an agent to explore, interact with and
learn from the environment.

‘0 ® &
© 0D

Figure 2.5: Reinforcement learning structure.

2.3.1.5 Semi-supervised learning:

It is a subset of machine learning, it trains its models using a lot of unlabeled data and
little labeled data. Refers to methods that attempt to take advantage of unlabeled data for
supervised learning (semi-supervised classification), or to incorporate prior information such as
class labels, pairwise constraint,s or cluster membership in the context of unsupervised learning
(semi-supervised clustering)|23].

ML Model
e0® oo
eooe (& eoe 000 oo0 'S
o000 . 000 000 g9
LT =] = eeo see see
o000 EEI 00 000 00
000 000 oo0 A
Small amount of '[ 000 000 000
labeled dataset ML Model trained

000 000 000 Pseudo-labeled dataset
o900 000 900

o009 000 000
Large amountof ©®©®® 8@ 000

unlabeled dataset 000 000 000
o000 200 900
000 000 000

on labeled + pseudo-labeled
dataset

Figure 2.6: Semi-supervised learning structure.
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2.4 Neural networks :

An artificial neural network (ANN) can be thought of as a greatly reduced representation of
the biological neural network’s structure. An ANN consists of interconnected processing units.
A processing unit’s overall model is composed of a summing part followed by an output part.
The summing part receives N input values, weights each value, and computes a weighted sum.
The weighted sum is called the activation value. The output part produces a signal from the
activation value. Each input’s weight sign decides whether it is an excitatory (positive weight)
or an inhibitory input (negative weight). Both the input and the output have the potential to
be either discrete or continuous data values. In an ANN, a topology is used to connect several
processing units[24]. Input, hidden (middle), and output layers are the three types of layers
that make up a NN. Hidden layers are used by NNs to process and send data to output layers.
As today draws closer, a brand-new age of NN known as DL(Deep Learning) has emerged. The
third ascent of NN has started generally in 2005 with the conjunction of several discoveries over
a significant time span by late researchers Hinton, Andrew Ng, LeCun, Bengio, and others [25].

Output
layer

Hidden
layers

Figure 2.7: Neural network layers.

2.4.1 Types of neural networks:

2.4.1.1 Convolutional Neural Networks (CNN):

CNNs are NNs created specifically to process images and videos.The Convolution Neural
Network is made up of four primary layers: convolution layers, pooling layers, fully connected
layers, and classification layers; each layer performs a specific function. Layers of a CNN turn
the input volume to a collection of neuron activation and provide output, which is an input
volume for subsequent layers, eventually leading to completely linked layers, a mapping learned
for classification, as seen in the picture below. CNNs have proven to be extremely effective in
vision applications such as object identification and other applications such as face recognition,
robotics, self-driving automobiles, and so on.|[1]

10
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Fully
Connected
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Poolin
Input €.

Feature Extraction Classification

Figure 2.8: CNN layers.|1]

e Convolutional Layer:is a set of learnable filters (kernels). The filter sizes may be 3x3
to 5xb to 7x7. The number of channels in the input is represented by the filter’s third
dimension [26]. A filter is a collection of multipliers that enables us to extract features
that are essential for classifying an image. Several filters may be randomly started and
trained to do tasks like identifying an object in an image.

e Pooling Layer: After filtering, the amount of the input typically increases, hence CNN
frequently uses the pooling layer, also known as sub-sampling or downsampling, to reduce
the size of the data. The filter size and strides are the two-layer parameters with the most
commonly applied values. Max pooling and Average Pooling are two types of pooling
layers where the maximum and average values are taken, respectively.

e Fully Connected Layer: is the final layer in The CNN. The dropout regularization
approach can be used to reduce overfitting. The output layer, the last fully connected
layer, has the same number of neurons as the classes|26].

2.4.1.2 Recurrent Neural Networks

RNNs were created specifically to handle sequential data. Due to the internal feedback
loops provided by its architecture, sequential pattern learning may simulate temporal depen-
dencies by creating a memory, they are extensively utilized in Natural Language Processing
(NLP), including Neural Machine Translation, language, synthesis, and time series analysis,
with applications in many disciplines including physics, medicine, and climatology. RNNs are
used in combination with CNNs when the sequential data are images (videos) [27].

2.5 Deep Learning :

Deep learning is a subset of machine learning. It is a neural network with a large number of
layers and parameters. Most deep learning methods use neural network architectures. Therefore
it is also referred to as deep neural networks [25]. DL technology uses multiple layers to represent
the abstractions of data to build computational models. While deep learning takes a long time
to train a model due to a large number of parameters, it takes a short amount of time to
run during testing as compared to other machine learning algorithms [28].DL approaches have

11
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multiple abstractions of levels by using a non-linear model that transforms the original data into
higher abstract levels for decision making. This simplifies finding the solution of complex and
non-linear functions [27].Deep Learning has high data requirements yet requires little human
intervention to perform successfully . The problem of having huge training datasets can be solved
through transfer learning.

2.5.1 Deep Transfer Learning

Transfer learning is considered a valuable tool for problems where the dataset is insignificant.
The concept of transfer learning is based on using a trained model with a large dataset in case
studies where the dataset is cooperatively smaller. Transfer learning has recently been applied
successfully in various fields (including medicine). It eliminates the need for an extensive dataset
and shortens the training time that a deep learning model requires when built from scratch

26].

Target output labels

t

Transferred learned N o

CNN model D target mode
t

Large Dataset

Smaller Dataset

Figure 2.9: Deep transfer learning.|2|

2.6 Difference between machine learning and deep learning

Deep learning has made significant contribution to the recent progress in artificial intelli-
gence. In comparison to traditional machine learning methods such as decision trees and sup-
port vector machines, deep learning methods have achieved substantial improvement in various
prediction tasks. However, deep neural networks (DNNs) are comparably weak in explaining
their inference processes and final results [29] Algorithms for machine learning include deep
learning algorithms. Consequently, it might be wiser to consider what, specifically, in machine
learning makes deep learning unique. The structure of the ANN algorithm, the reduced need
for human interaction, and the higher data requirements are the answers. Deep Learning is
based on an artificial neural network, as opposed to typical Machine Learning methods, which
have a structure that is more straightforward, such as linear regression or a decision tree. Deep
Learning algorithms want far less input from humans. With a conventional machine learning
technique, a software engineer would manually select features and a classifier to classify photos,
check to see if the result is what was expected, and modify the algorithm if necessary. But as
a deep learning algorithm, the features are automatically extracted, and the algorithm learns
from its own errors.

12
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Machine Learning

S o == S Truck

— g —_ lﬁ 4 Wz e 4 Not truck
I; o o o
input Feautures extraction Classification ouput
Deep Learning

— RN L 4 Truck
:I a —_—> 2R .7 < : —> Not truck

input Feautures extraction + Classification ouput

Figure 2.10: Difference between ML and DL.

2.7 Object detection

Object detection is a computer vision task that detects instances of objects of a specific
class (e.g., 'car’ ’truck’ etc.) in images. Object detection algorithms are broadly classified into
two categories.

Object detection

|
=

—  RCNN YOLO ‘

Fast
RCMN

_. Faster -
RCNMN

Mask
RCNN

Figure 2.11: object detection categories
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2.7.1 One-stage detectors

One-stage Object Detection models refer to a class of object detection models that makes

predictions about the presence and placement of objects in an image using a single pass of the
input image. from those models, we mention :
YOLO: For the first time, yolo was presented as a single-stage method for object detection
that converts raw image pixels to bounding box coordinates and class probabilities and can be
optimized end-to-end directly. This enabled the detector to predict boxes directly in a single
feed-forward run without recycling any neural network components or creating proposals of
any type, resulting in a faster detector. They began by splitting the image into S S grids with
B boundary boxes per grid. Each cell holding the center of an object instance is in charge of
detecting that object. Each enclosing box forecasts four coordinates as well as objectness and
class probabilities. The object detection problem was reframed as a regression problem as a
result of this.

To have a receptive field cover that covers the whole image they included a fully connected
layer in their design towards the end of the network.

The various advantages of the YOLO strategy are that it is extremely fast, with 45 to 150
frames per second. It sees the entire image as opposed to region proposal-based strategies
which is helpful for encoding contextual information and it learns generalizable representations
of objects.[30]

DarkNet
. Architecture

fully
fully
\ IS REEPPERPPLEPRRPRERY connected connected N A
| % r N/ N\
S \ AN AN
[ I >< >< (X, ¥, w, h, obj score) | class probability

Figure 2.12: YOLO architecture

2.7.2 Two-stage detectors

The process of detecting objects can be split into two parts, proposing regions and classi-
fying and regressing bounding boxes. The purpose of the proposal generator is to present the
classifier with class-agnostic rectangular boxes which try to locate the ground-truth instances.
The classifier, then, tries to assign a class to each of the proposals and further fine-tune the
coordinates of the boxes.[30]

14
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From its most known approaches, we mention :

R-CNN : The model first uses the Selective Search to extract approximately 2000 region pro-
posals of each image to be detected. Then the size of each extracted proposals is uniformly
scaled to a fixed-length feature vector and these extracted image features are input into the
SVM classifier for classification. Finally, a linear regression model is trained to perform the
regression operation of the bounding box. Compared with the traditional detection method,
the accuracy of the R-CNN does improve a lot, but the amount of calculation is very large,
and the calculation efficiency is too low. Secondly, directly scaling the region proposal to a
fixed-length feature vector may cause object distortion. 1]

Warped region ﬂl aeroplane? no. |
L A e B ; :
SAG AN |
£ (@ S =B person? yes. |
T S CNN: |
tvmonitor? no. |
1. Input images 2. Extract region 3. Compute CNN features 4. Classify regions

proposals (~2k)

Figure 2.13: rcnn.

Fast RCNN : It takes the whole image and region proposals as input in its CNN architec-
ture in one forward propagation. It also combines different parts of the architecture. Compared
with R-CNN, Fast R-CNN has made changes. First, it replaced the SVM used in R-CNN with
a softmax function for classification. Secondly, the last softmax classification layer of the CNN
network is replaced by two parallel fully connected layers.|1]

Outputs: bb ox
softmax regressor
ol FC FC

pooling
layer [} FCs

Rol feature
vector For each Rol

Figure 2.14: fast renn.

Faster RCNN : To create region proposals, the model replaces the old selected Search
method with region proposal networks. The model is separated into two modules: a fully
convolutional neural network used to create all region recommendations, and the Fast R-CNN
detection algorithm. These two modules share a set of convolutional layers. The input image is
sent through the CNN network until it reaches the final Shared convolutional layer. The feature
map for the RPN network’s input is obtained on the one hand, and the picture is transmitted
forward to the appropriate convolutional layer to build a higher-dimensional feature map on
the other. .[1]
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classifier

Rol pooling

prﬂpuy /

Region Proposal Network,

feature maps

cany layers /

Figure 2.15: faster rcnn.

RPN works with anchor boxes, according to the figure below, the feature map of the last
shared convolution layer is passed through a rectangular sliding window of size n*n, and k region
proposals are created for each window. Each proposal is parameterized based on a reference
box known as an anchor box. anchor box. The two parameters of the anchor boxes are:

1. scale

2. aspect ratio

In general, there are three scales and three aspect ratios, for a total of k=9 anchor boxes,
though k may be less than nine. In other words, k regions are generated from each area proposal,
with each k region differing in either scale or aspect ratio. .Some of the anchor variations are

shown in the next figure[3].
/ k anchor boxes
I 2k scores l I 4k coordinates l .

cls layer \ ’ reg layer D

conv feature map

Figure 2.16: anchor boxes|3].
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2.7.3 Object detection models performance evaluation metrics

e True Positive (TP) : The model made a correct detection .

e False Positive (FP) : The model made an incorrect detection.

e False Negative (FN):the object detector missed a Ground-truth(not detected).

e True Negative (TIN): This is the background region correctly not detected by the model.

This metric is not used in object detection because such regions are not explicitly annotated

when preparing the annotations.
Intersection over Union (IoU) It is a metric that measures the amount of overlap between
the detected object and the ground truth object. This is a good metric to make sure that the
detected object is a good match for the ground truth object.[31] we calculate the union of the
two bounding boxes and the intersection between them, with two rectangles, their coordinates
are (x1, yl, x2, y2) and (x3, y3, x4, y4),the IoU is :

Area of Overlap

IoU =

Area of Union

Areaofintersection = (min(x2,z4) — max(xl, x3)) * (min(y2,y4) — maz(yl,y3))[31] (2.1)

Areaofunion = (22 — x1) % (y2 — yl) + (z4 — 23) * (y4 — y3) — Areaofintersection|31] (2.2)

IoU values vary from 0 to 1, with 0 indicating no overlap and 1 indicating perfect prediction
and overlap.

The ToU measure is useful because of thresholding, which means we need a thresholda to
verify whether the detection is correct.

True Positive False Positive False negative

Figure 2.17: Intersection Over Union.

Considering the IoU threshold,a = 0.5.

TP : IoU > 0.5
FP : IoU < 0.5
Precision :

Is the model’s accuracy in identifying only relevant objects.

17
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Recall :
It evaluates the model’s capacity to discover all ground truths.

TP TP

P= =
TP+ FP  all detections
TP e

T TP+FN  all ground-truths

Precision x Recall curve :
Both confidence scoring and IoU use the threshold. Raising the confidence score threshold
causes the model to miss more objects (more FNs, and hence poor recall and high precision),
whereas lowering it causes it to miss more objects (low precision and high recall). This implies
that we must devise some precision versus recall trade-offs.

The precision-recall (PR) curve illustrates precision and recall at various confidence levels.
Even when confidence levels fluctuate, a strong model’s precision and recall remain high.

Average precision
AP@a denotes the Area Under the Precision-Recall Curve (AUC-PR) at the IoU threshold. It
is foformallyefined as follows:

1
APQa = / p(r) dr
JO

Mean Average Precision (mAP) :

more advanced metric that takes into account the precision of the detector in each class.
This is an excellent metric for obtaining a more complete picture of how effectively the detector
is operating. It is, however, more difficult to comprehend than AP. The mAP measure is
typically presented at various confidence levels (e.g., 0.5, 0.95) [31]. The formula for mean
average precision (mAP) is:

.. 1 mn
mAPQq = — E AP; for n classes.
T
i=1

The mean Average Precision (mAP) is the average of AP values over all classes, the higher
the mAP the better the model’s detection is.
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2.8 Conclusion

In this chapter we saw the different definitions of AI, how it works its components, and
a brief history of its creation. we also saw machine learning and its types, neural networks
and what deep learning and deep transfer learning, and the difference between ML and DL, in
another part we went through the object detection task, how it works, and its metrics. In the
next chapter, we will see how these approaches are used in fire detection systems.
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3.1 Introduction

Most of fire detection systems use intelligent video surveillance which is one of the fastest-
growing fields of computer vision research for automatic detection and it has proven its efficiency
toward this hazard. This chapter presents multiple detection systems that are made to reduce
the risks of such phenomena. Current systems are either combining smoke detection as it is an
initial sign of a fire with flame detection or just the flame detection by itself.

3.2 Research Problem and Research Question:

Algeria has lost nearly 50,000 hectares to wildfires as of October 20223.1 and between
August 17-21, in forest and urban areas in the east of Algeria; at least 43 people were killed
and 200 people injured. The year before, the country had experienced some of the worst
wildfires in years. The most intense wildfires happened in mid-August when more than 130,000
hectares were burned in a single week [32]. Flame appearance in videos and images is the
primary challenge for researchers in computer vision fire detection systems because many
natural events, such as sunlight reflecting on buildings, the light of cars at night, and working
with different lighting conditions, can trigger a false alarm as shown in the figure below.
Another challenge was that some objects have similar colors to fire also if the fire is too small
for the system to notice.
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Figure 3.1: Area burned by wildfires in Algeria from 2009 to 2022(in hectares)

Figure 3.2: false detection problems

Research questions:
e How to detect fire while it’s still small and has not grown too large?

e How to increase the accuracy of the system and take into consideration false alarms?
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3.3 Overview on fire detection systems :

These technologies detect fire using computer vision and artificial intelligence. While object
localization entails drawing a bounding box around one or more objects in an image, image
classification entails labeling a picture with a class. The more challenging object detection task
combines these two tasks, creates bounding boxes around each object of interest in the image,
and labels each thing according to its class. The term "object recognition" refers to all of these
issues collectively.

Input image

Image classification object detection object localization segmentation

v } | |

jﬁ4‘

Output: fire

Figure 3.3: difference between object detection,object localization and image classification

Fire detection systems can be summered in three categories smoke detection,flame detection
and both smoke and flame detection.

3.3.1 Smoke detection systems:

Smoke appears before flames, so it is a better for early detection of fire, but compared to
the flame it is difficult to detect because gray or black color of smoke is common for non-smoke
pixels of other objects. So many systems were made to detect smoke we mention:

1. Khan et al 2019(DeepSmoke: Deep Learning Model for Smoke Detection and
Segmentation in Outdoor Environments)[4] : A CNN based smoke detection and
segmentation framework for both hazy and clear environments .for a better accuracy rate
this work used a CNN architecture called EfficientNet, for the smoke segmentation it
used DeepLav3+(a semantic segmentation architecture)|4]. It can be divided into two
modules:

(a) A module that performs smoke detection using a lightweight CNN model [4]
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(b) A module addressing semantic smoke segmentation [4]

Dataset : it contained 3 datasets

79 (L 79 L

e DS1 : contained images in four classes “smoke”, “non- smoke”, “smoke with fog”,
“non-smoke with fog”[4].

e —

.

Non-smoke Smoke with fog 1 BN Non-smoke with fog .

Smoke

Figure 3.4: example images from DS1 [4].

Table 3.1: DS1 dataset.

Smoke Smoke Non-smoke and Non o o
Total | Training | Validation | Test
with fog smoke with fog
DS1 | 18,532 for each class | 17,474 for each class | 72,012 | 20% 30% 50%

e DS2 :it contained 7 different videos used for test purpose only

Figure 3.5: example images from videos in DS2 [4].

e DS3 :This is their own proprietary dataset and is used for the evaluation of the
semantic segmentation module. It comprises 252 images annotated from DS1 by
considering only two classes: “smoke” and “smoke with fog”. This dataset is divided

into 60% and 40% for training and testing, respectively [4]
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Input :
frames [l

Ground
truth

Figure 3.6: example images in DS3 [4].

Results : the figure below shows the results of this method after the segmentation

Figure 3.7: results of the Deepsmoke method [4].

Table 3.2: Deepsmoke results

Average MET | Average P | Average R | Average F
Deepsmoke | 39,43 0,97 0,98 0,98

2. Dewangan, A et all 2022(FIgLib and SmokeyNet: Dataset and Deep Learning
Model for Real-Time Wildland Fire Smoke Detection )[5] : This work present
the Fire Ignition Library (FIgLib), a publicly available dataset of nearly 25,000 labeled
wildfire smoke images as seen from fixed-view cameras. Also introduce SmokeyNet, a
novel deep learning architecture using spatiotemporal information from camera imagery
for real-time wildfire smoke detection|5].
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FIgLib & SmokeyNet:
Real-Time Wildfire Smoke Detection

(.
4

FigLib SmokeyNet
Dataset Deep Learning Model

Figure 3.8: Graphicalabstract [5].

Dataset:

The dataset consists of 315 fire sequences from 101 cameras across 30 stations occurring
between June 2016 and July 2021. Each sequence typically contains images from 40 min
prior to and 40 min following the start of the fire, serving as binary smoke /no-smoke labels
for each image, and are spaced approximately 60 s apart for a total of 81 images per fire
sequence. However, 114 fires are missing an average of 6.6 images each; missing images are
either at the beginning, end or randomly dispersed throughout the sequence. In total, the
dataset contains 24,800 high-resolution images. To avoid out-of-distribution sequences,
removed fires with black and white images, night fires, and fires with questionable presence
of smoke, including one fire with 180 images and no labels, from the dataset (3700 images

)l
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() (d)

Figure 3.9: Images from the FIgLib dataset: (a) no smoke with strong glare, (b) no smoke with

misleading haze, (c) very apparent wildfire smoke, and (d) faint wildfire smoke,|[5].

Table 3.3: Dataset

model #images
train 11.3k
validation 4.9k

test 4.9k
omitted 3.7k
total 24.8k

Results:

The SmokeyNet architecture with a ResNet34 backbone and two frames of input achieves
an image accuracy of 83.49% and Fl-score of 82.59% while delivering on the objectives
of high precision (89.84%), high recall (76.45%), fast performance (51.6ms/image), and
low average time to detection (3.12 min)[5].

3.3.2 Flame detection systems :

There are many colors in a flame. In addition to having a dynamic texture and changing
shape over time, it also flickers and moves.Flame detection is more accurate than smoke de-
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tection, especially at night when the smoke is invisible to the unaided eye.Several systems are
designed to detect flame, such as:

1. Dai P et al 2022 (Multi-Scale Video Flame Detection for Early Fire Warning
Based on Deep Learning )[6]: Based on Yolov3, the parallel convolution structure of
Inception is used to obtain multi-size image information. In addition, the receptive field of
the convolution kernel is increased with the dilated convolution so that each convolution
output contains a range of information to avoid information omission of tiny flames. The
model accuracy has improved by introducing a Feature Pyramid Network in the feature
extraction stage that has enhanced the feature fusion capability of the model|6].

Inputs
(416,416,3)

L

Conv2D 32x 3 x3
(416,416,32)

|

ResBlock x1
(208,208,64)

]
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[
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I
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___________________________________________________\
-

_  MSC-Darknet-53 /'

Figure 3.10: Structure of the method [6].

Dataset :Flame data sets are mainly divided into two types, indoor and outdoor. In the
indoor scene. The outdoor scene selects the common parking spots in the campus. Trees,
buildings, cars, and other objects are used as the background to obtain the flame data
set. For the indoor scene the warehouse scene is made in the standard combustion room
to obtain a similar background. a variety of combustibles and oil plates of different sizes
were used to photograph the flames. Sunlight, light, personnel, and other interference
items were added into the shooting background. A total of 7,254 images were selected
from the filmed videos and used as the training dataset|6].
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Figure 3.11: example images from the used dataset [6].

Results

Table 3.4: The proposed method’s results.

PR (%) | RR (%) | FAR (%) | AR (%)
proposed method | 98.7 93.7 1.2 96.3

Figure 3.12: Partial results identified by the proposed model [6].

2. Avazov et al 2022 (Fire Detection Method in Smart City Environments Using
a Deep-Learning-Based Approach)|7]: This work uses the YOLO4 network to detect
and classify suspected regions of fire without delayed final decisions|7].
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Dataset :

Onginal Input -

Image Sequences

‘-I

Capturing Process

Resized Images
(416 = 416)

CNN and Trained Weights

Calculate Accuracy and Fire
Pixels

i 11
_ |l
-« “
11

]
| 11
! i

Figure 3.13: Flowchart outlining the proposed method |[7].

the dataset 9200 flame pictures are used. After rotating all fire pictures by 900, 1800, and
2700, as shown in figure and labeling them the dataset increased by three times to 27600
images ,and over 10000 flame-like pictures are added to prevent false-positive outcomes|7|

Then after removing low-quality and low-resolution frames from the final database, a
total of 20,100 good images are ready to use in implementation. After modifying the

luminance and chromaticity of the flame frames, the total number of learning pictures
increased to 80,400 [7].
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(b)

Figure 3.14: (a)original image,(b) 90 rotation,(c) 180 rotation,(d) 270 rotation [7].

Dataset Training set | Test set | Total
Flame pictures 24385 3215 27600
Flame-like pictures | 10000 0 10000

3.3.3 Deep learning approach for flame and smoke detection systems:

1. Mimoun YANDOUZI et al 2023(Investigation of Combining Deep Learn-
ing Object Recognition with Drones for Forest Fire Detection and Monitor-
ing):This work uses UAVs for real-time monitoring and detection of forest fire using
YOLOv6, YOLOv7, YOLOvS, and Faster RCNN with Resnet50, VGG16/19 as back-

bones.

Dataset After data augmentation, the dataset reaches a total of 4236 images with the
labels Fire and Smoke. These photos were taken with both ground- level cameras and
aerial drones. The ground cameras were used to capture detailed images of forest fires in
real time, providing accurate representations of the fires. Some images were man-made
and supervised fire images ||

EJEEE S

m b

Dara Augrmentaton

ResNetso
“——
—_———— VGG 16/19
L= ‘ Phark Kot
L Resizing -
Data Data Backbone Model
Collection PreProcessing Chaice

Figure 3.15: The proposed method]].
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Results To obtain these test results the training phase had 500K epochs for Faster RCNN,
and 1k epochs for YOLO.

Figure 3.16: Forest fire and smoke detection by drone - examples using YOLOv8n.||.

Infer-

Model mAP@0. | mAP@0.9 ToU Rec- [_'r_ec- ence
Name 5 5 % all ision tl.me

% % %o Y (s/imag

)

Faster
R-CNN 893 90.3 89.1 ~0.055
®ss0) | 5932 79.12 6 1 7 3
C4
Faster
R-CNN ' 88.1 89.7 88.9 ~0.137
(RS50) 89.16 78.96 5 4 6 4
DC5
Faster
R-CNN 91.0 90.8 90.6 ~0.028
(RS50) 90.57 80.34 ) 3 | |
FPN
Faster
R-CNN 89.75 79.65 20'4 39‘7 ?9‘4 50‘075
(VGG19)
Faster
R-CNN 89.62 79.52 29'2 39'7 ?9 2 ;{}'067
(VGG16)
YOLOv6 88.0 89.0 88.8 ~0.000
" £9.12 78 .96 6 4 2 9
YOLOV? | 89.29 79.12 2"' L B2 50| 0
YOLOvS 39.45 7928 893 89.6 894 ~0.001
n 6 1 4 1
YOLOv6 88.0 88.5 88.4 ~0.002
s 88.98 78.82 3 7 5 2
YOLOvS 89 31 7916 89.2 89.4 89.2 ~0.001
s 5 0 4 5
IYOLOvlS 3884 78 68 28_0 33_1 ?B_{] ;{}_008
YOLOv7 89.01 7885 89.1 87.7 87.6 ~0.005
X 2 9 2 1
YOLOvS 89.2 89.1 89.0 ~0.002
| 89.17 79.01 4 9 2 5

Figure 3.17: ACHIEVED RESULTS FOR THE IMPLEMENTED MODELS (ON THE TEST-

ING SET)]].
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2. Raghad K. Mohammed 2022 (A real-time forest fire and smoke detection
system using deep learning)[8]: This work used a pre-trained Inception-ResNet-v2
network on the ImageNet dataset to be trained on our dataset, we used the Open CV

library to read the camera stream frame by frame and predict the probability of fire or
smoke|8].

- -

Figure 3.18: flow chart of the proposed method|8].

Dataset:

In this study, a forest images dataset of fire and smoke is used, which consists of 1,102
images with fire and 1,102 images with smoke. This dataset was collected from various
internet sites including a dataset of forest fire on Kaggle[8].

4 smohe_ Smoke
v

smoke

smoke wmake fire

eror e g w ey
—

Figure 3.19: Example images from the used dataset|8].

fire
m

Results :
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Table 3.5: Results

Performance matrices | Value
Accuracy 99.09
Precision 100
Sensitivity 98.08
F1l-score 99.09
Specificity 98.3

3.3.4 Comparison
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3.4 Conclusion :

In this chapter, we showed the most recent works regarding fire detection systems using
video surveillance and image recognition methods. Object detection methods are more useful
in the case of the fire is still small and not noticeable for the human to determine. So in the
next chapter, we will try to implement a method using deep learning and object detection on
a collected dataset, and try to obtain better results.
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4.1 Introduction

In the previous chapter, we discussed fire, its threat to our society, and some potential
prevention strategies. In this chapter, we illustrate our DL object detection approach where
we trained and tested our detector on the preprocessed dataset. We used one-stage detection
models YOLOv5n and YOLOv8n and two stages detection models using VGG16, VGG19, and
Xception as backbones.This chapter illustrates the process of developing the fire and smoke
detector, it will be organized as follows:

4.2 Our approach

In order to achieve our approach we worked with:

Google colab: Because we did not have a GPU we worked with google colab’s free GPU
Nvidia T4 online.

Tenserflow : TensorFlow is an end-to-end open source platform for machine learning, that
enables building and implementing ML models simple for both beginner and expert users [33].

Keras : The open-source software program known as Keras offers a Python interface
for ANN. The high-level Keras API makes it simple to build and train models while using
TensorFlow and ML by offering the TensorFlow library interface [34].
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4.2.1 Detection

4.2.1.1 One stage detection

/ Pre-processing \

c Training
R
D1 Labelin 2 4
e o 5 /f YOLOV8
e £ SJA
D2 g 0
= m© i
D3 - % ,,r YOLOv5
split s 8 i
D4 S
g
D5

o6 N\

Test

Models

oo

V —
v —
-
v -

Evaluation

Figure 4.1: proposed one-stage detection method

1. Dataset collection
We made different datasets to obtain the best results possible

D1 The first dataset contained around 1000 indoor fire images only collected from sites
like pixels[35] which contains very high-resolution images or Kaggle[36].

D2 The second dataset contained around 500 indoor fire images only collected manually
from sites.

D3 The third dataset contained 1367 indoor and outdoor fire-only images with 1500
annotations after data augmentation.

D4 The fourth dataset contained 737 outdoor smoke-only images with 1200 annotations

D5 The fifth dataset contained 1000 images, both indoor and outdoor, 400 of these images
are smoke and the rest are fire, collected from sites and other online datasets.

D6 The sixth dataset with the best results contains 3022 images from D3 before augmen-
tation and D4, then applying data augmentation.
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Table 4.1: Collected datasets

Dataset | #Images # Annotations | Indoor | Outdoor

D1 around 1000 - X

D2 around 500 - X

D3 1367 1500 X X

D4 737 1200 X
Fire:400

D5 - X X
smoke:600
Fire:1052 Fire:1862

D6 X X
Smoke:1670 | Smoke:1699

Figure 4.2: example images from D6

2. Preprocessing

it is used to decrease training time and increase performance by applying image trans-
formations to all images in this dataset.in our work, we applied auto orientation to all
images and resized them to 640*640.

Labeling

For labeling we used Roboflow which helped us convert all bounding boxes in each image
to a numeric value and store it in a txt file with the same name as the image, containing the
annotations(bounding boxes) for the corresponding image file, that is object class, object
coordinates, height, and width. <object-class> <x> <y> <width> <height>
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llmage

width

Xy height

Figure 4.3: Labeling

We take an example of an image.txt from our dataset containing one fire and one smoke

=
[oroe] I

@ ©.61640625 ©.509375 ©.5265625 ©.3578125
1 ©.5015625 ©.15859375 ©.875 0.31484375

Split

In our approach, we divided the datasets into 80% for the train and 13% for the test, and
7% for the validation. After that, the training set was augmented.

Data Augmentation

The purpose of augmenting train set images is to boost diversity, decrease overfitting,
increase data volume, improve generalizability, and overcome various forms of variances.
. In our work, we applied multiple data augmentation techniques:

Blur Up to 0.75px
Rotation Between -15° and +15°
Crop 0% Minimum Zoom, 20% Maximum Zoom

e Blur This shows its importance when:

— A camera is stationary, but the objects it detects are frequently moving.
— A camera is not stationary, but the objects it is detecting are.

— A camera and the objects it is detecting are moving.

— In our case if a camera is foggy due to the smoke

e Rotation Because it modifies the angles at which objects appear in the dataset
during training, rotation is a particularly useful augmentation.

e Crop Because the items of interest that we want our models to learn are not always
fully visible in the image or at the same scale in our training data, this allows our
model to generalize more effectively. .
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3. Training For D3 D,5 and D,6 we can notice that the model’s training classification loss
stabilized starting from the 80th, 20th, 70th, and 130th epochs respectively, while the
box loss didn’t stabilize. As for the validation classification loss values, the stabilization
started from the 90th epoch for D3, at the 10 epoch for D4, the 50th epoch for D5, and
the 70th for D6, however, the box loss didn’t stabilize for D4, D3, and D5 but for D6 we
can say that it did stabilize a bit starting from the 120th epoch

train/box_loss train/cls_loss
3.0 4 —e— results
1.6
2.5
1.4
2.0
1.2 A
1.5 A
1.0 A 1.0 -
0 50 100 0 50 100
val/box_loss val/cls_loss
264 3.5
3.0
2.4 4
2.5
2.2 1
2.0
2.0 1 154
1.8 1 1.0
0 50 100 0 50 100

Figure 4.4: D3 training results
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train/box_loss train/cls_loss
2.0 4 3.5 4 —s— results
1.8 301
16 - 2.3 1
2.0 1
1.4 1
1.5 1
1.2+
1.0 1
1.0+
T T T DIE L T T T
o 50 1040 a 50 100
val/box_loss valicls_loss

2.6 1
2.4
2.2 7

2.04

1.8+

1.6

[ Ra w £

=

50 100

Figure 4.5: D4 training results

=]
=

100

train/box_loss train/cls_loss
1 a 351 —e— results
3.0 1
1.6 1 25
1.4 4 2.0 1
1.2 1.5 -
1.0 1
1.0 A
] 50 100 ] 50 100
val/box_loss valfcls_loss
2.5
2.4 - 41
2.2 1 3+
2.0 4 2]
1.8 A
T T T 1 T T T
] 50 100 ] 50 100

Figure 4.6: D5 training results
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4. Test results

train/box_loss trainfels_loss
—— results
1.5 1 3.0 1
2.5+
1.4+
2.0
1.2 1.5
1.0 1 1.“ -
0 S0 100 150 0 50 100 150
valfbox_loss valfcls_loss
2.4
44
221
2.0 3
1.8 4 3 4
1.6 4
1 -
(1] 50 100 150 (1] 50 1 150

Figure 4.7: D6 training results

Table 4.2: Yolo test results

Model Dataset | Class | Precision | Recall | mAP@O0.5 | mAP@Q0.5-0.95
D1 All 0.64 0.36 0.34 0.131
YOLOv5n
D2 All 0.62 0.46 0.43 0.18
D3 All 0.81 0.86 0.92 0.42
D4 All 0.94 1 0.99 0.56
Fire 0.65 0.73 0.68
D5 Smoke | 0.86 0.82 0.73
YOLOv&n
All 0.87 0.78 0.70
Fire 0.84 0.76 0.88 0.44
D6 Smoke | 0.95 0.92 0.97 0.56
All 0.89 0.84 0.93 0.50
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— fire 0.344

0.8

o
o

Precision

o
=

0.2

0.0 0.2 0.4 0.6 0.8 1.0
Recall

(a) Precision and recall curve for D1
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(¢) Precision and recall curve for D3
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(e) Precision and recall curve for D5
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(b) Precision and recall curve for D2
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(d) Precision and recall curve for D4
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(f) Precision and recall curve for D6

Figure 4.8: Yolo precision and recall graphs

43



Chapter 4: : Our contribution

fire —
g rhememenk adnet jpg. rf. 2
= ~—hire S

Figure 4.9: Example images from the test dataset for D6
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4.2.1.2 Two stages detection

I Training
Two stages detection T
o
X @
/ Pre-processing \ - v,
2 g8
o z  x
) 5 S Proposed
o o o .
Labeling o oy regions by RPN
e
& S 5 S8 s
B AN s (o} o g
Split = ] O 5 o
- o
ﬁ Feature maps ©
D6

Backbone CNN
Rol pooling
FC1,4096,RelU
FC2,4096,RelU
Bbox regression
loss

Vggl6 | | Vggl9 | Xception Xception ' |nceptionv3 | MobileNet
O Models vggl9
Evaluation !

Figure 4.10: proposed two stages detection method

1. Data collection

For this method, we used D6 (after applying the data augmentation to its training set )

2. Pre-processing
For this approach, we resized the images from 640*640 the images to 224*224 after labeling
Labeling

Labeling for the Faster RCNN model is different from labeling for YOLO, and we already
had D6 labeled for YOLO so instead of relabeling it from scratch we had to convert our
labeling from YOLO format to Faster RCNN format which is:

<object-class> <x-min> <y-min> <x-max> <y-max>
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(0,0) (640,0)
(xmin,ymin) (xmax,ymin)
I( inymax) (xmax,ymax)
(0,640) (640,640)

Figure 4.11: Faster RCNN labeling

to transform the labeling from YOLO format to Faster RCNN format:

w
rmar = x + —
2

. w
rmin =r — —
2

h
ymaxr =y + =
2

. h
mmn =1y — —
Yy Yy 9

(4.1)
(4.2)
(4.3)

(4.4)

where (x,y,w,h) are the labeling used in YOLO for the bounding box.

the data labeling will be stored in the form of a .csv file In order to facilitate the processing

of data

filename xmin

ckOnd794;¢
Datacluste
ckOukig53i
your-roorn
your-roorn
ckOna2cdf
ckOtsymgy.
ckOoukl7v
ckOtxrrdns
32313rwe’
ckOnftcfgk
ckOtxxd8f¢
burning-ct

Xmax
77 177
95 574
34 485
449 561
348 467
464 506
353 573
148 196
400 432
86 627
530 620
205 324
317 612

ymin

292

0
260
368
405
347
260
378
237

0
361
255
103

ymax

Figure 4.12: csv file

class
436 smoke
305 fire
453 smoke
474 fire
515 fire
407 smoke
411 smoke
417 smoke
272 smoke
416 fire
440 smoke
342 smoke
482 fire

After creating this file we had to add the whole path to each image in the filename as
shown above(exp: the path for an image is /content/Drive/mydrive/dataset/training-

set/images/image)
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Split

Chapter 4:

For the split, we added the validation dataset to the training dataset, resulting in a

training set with 90% and a test set with 10%.

3. Training

Backbones :

VGG :VGG means Visual Geometry Group and this architecture has 16 to 19 layers

with very small 3x3 convolution filters[37].

VGG16
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Figure 4.13: VGG16/19 architecture |9]

Xception: The Xception deep neural network which stands for extreme inception, and

is inspired by Inception, was made by Francois Chollet [38]. Xception architecture has
depth-wise separable convolutions. Xception has 36 convolutional layers to extract fea-

tures [38|
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Figure 4.14: Xc

I
|MaxPooling 3x3, stride=2x2

|
J
|
J
]

ISeparableConv 1536, 3x3

[ ReLU

L
[SeparableConv 2048, 3x3

[ReLU

I
|GlobalAveragePooling

2048-dimensional vectors

Optional fully-conmected
Layer(s)

Logistic regression

eption architecture

Xception-VGG19 : for this model we used the Keras concatenate layer, it takes as input
a list of tensors, all of the same shape except for the concatenation axis, and returns a
single tensor that is the concatenation of all inputs.|39]

inputs: The layers of two models at which we want to merge these models.[40]

axis: The axis along which we want to concatenate the two layers.[40]

input_5 input:

[(None, 229, 229, 3)]

InputLayer | output:

[(None, 229, 229, 3)]

o

~,

Xception

input: | (None, 229, 229, 3)

vggl9 input:

(None, 229, 229, 3)

Functional

output: | (None, 7, 7, 2048)

Functional | output:

(None, 7, 7, 512)

~,

o

concatenate_2 | input: | [(None, 7, 7, 2048), (None, 7, 7, 512)]

Concatenate output:

(None, 7, 7, 2560)

Figure 4.15: Xception-vggl9 architecture
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MobileNet : MobileNet is a computer vision model open-sourced by Google and designed
for training classifiers. It uses depthwise convolutions to significantly reduce the number
of parameters compared to other networks, resulting in a lightweight deep neural network.

[41]

Input

224x224x3 l
3x3 Conv

112x112x32 l

DSConvx2 | Depthwise Separable Convolutions
_ l ©S)
56 x 56 x 64 3 x 3 Deepthwise
DS Convx?2 | Conv
28x28x 128 l -
DS Conv x 2 | g |
14x14x256 l : l
| DSConvx 6 | i
7 X 7 X .:"1 2 v l
[ DS Cont | 1x1Conv
Tx7x1024 l l
Avg Pool ‘ s ‘
Tx7x1024 l l
| m | | ReLu |
1x 1 x 1024 v
| Softmax l
(A) ®B)

Figure 4.16: MobileNet architecture [10]

Inception v3 : Inception v3 is an image recognition model that has been shown to attain
greater than 78.1% accuracy on the ImageNet dataset. The model is the culmination
of many ideas developed by multiple researchers over the years[42|. It is based on the
original paper: "Rethinking the Inception Architecture for Computer Vision" by Szegedy,
et. al[l1].
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Input:; 299x299x3, Output:8x8x2048

Convolution Input: Cutput:
AvgPool 299x299x3 8xBx2048
MaxPool
Concat

Dropout

Fully connected
Softmax

s }'é

Figure 4.17: Inceptionv3 architecture|[11]
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Final part:8x8x2048 -> 1001

When we started the training phase in Google Colab using each pre-trained model
mentioned above as backbone with 100 epochs and 200 steps only to the limited usage

time, it resulted in 5 losses[43]:
1. RPN classification: anchor box is object / not an object

2. RPN regression: predict transform from anchor box to proposal box

3. Object classification: classify proposals as background/object class, classification loss

for the Faster R-CNN layer is defined as the multi-class loss function shown below:

Lcis (pisp;‘) = —log(pf)

where:
Pi Predicted probability of anchor “i” being a positive sample
p;f The confidence target. It equals 1 when it is an object. Otherwise, it equals zero
o The predicted probability for the proposed region belonging to class c that is the
ground truth class.

4. Object regression: predict transform from proposal box to object box [43].

ﬁbox(tuy U) _ Z LimOOth (t:L _ Uz’)

ie{w7y7w7h}

0522  if |z <1

|z| — 0.5 otherwise

Limooth(x) — {

where true bounding box

v = (Ug, Uy, Uy, Up)
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and The predicted bounding box correction

= (£ ) (4.7)

s Yy Yw>

5. The total loss is the sum of the 4 losses above

RPN an anchor box is a predefined bounding box with a certain size , first, we create
“anchor boxes”, and calculate which object’s bounding box has the highest IoU.

If the highest IoU is greater than or equal to 0.5, then the anchor box is a positive one.

If the highest IoU is less than 0.5, then the anchor box should predict that there is no
object(negative anchor box).

e Stepl: To generate region proposals, we slide a small network over the convolutional
feature maps output by the last shared convolutional layer(backbone) to a 3x3 512 .

e Step2: Pass the stepl to two convolutional layers to replace the fully connected
layer
classification layer: number of anchors (9 in our situation) channels for 0, 1(objec-
t/not object) sigmoid activation output

regression layer: number of anchors*4 (36 in our situation) channels for computing
the regression of bboxes with linear activation

Rol Pooling we applied the max pooling method for the feature map

classification and box regression After identifying ROIs, Faster RCNN predicts a
score and bounding box regression for each ROI and for every class.

4. Test results

We notice that the classification loss is close to being stable for VGG19 and VGG16, but
the regression loss did not stabilize. Meanwhile, the total loss settled starting from the
40th epoch for both VGG19 and VGG16 but the loss value for VGG16 was less than the
VGG19. As for the Xception, Xception-VGG19, and the MobileNet, the classification
and the regression losses did not become stable, the total loss somehow did at the 80th
epoch but at a much higher value compared to the previous models. As for the Xception-
VGG19, the total loss stabilized starting from the 50th epoch. The MobileNet’s total loss
had the same behavior starting from the 75th epoch. On the other hand, we observed
that for the Inceptionv3, the classification loss started to stabilize from the 80th epoch,
but the regression loss did not. However, the total loss became stable at the 65th epoch.
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(a) Classification and regression loss(VGG16) (b) Total loss(VGG16)
Figure 4.18: VGG16 losses(loss values by the number of epochs)
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(a) classification and regression loss(VGG19) (b) Total loss (VGG19)

Figure 4.19: VGG19 losses(loss values by the number of epochs)
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(a) classification and regression loss(Xception)

(b) Total loss (Xception)

Figure 4.20: Xception losses(loss values by the number of epochs)

loss_class cls loss_class regr total loss
0.75-
030
0.70-
0.65- 028
0.60-
0.26
0.55-
0.50- 0.24
045-
022
0.40-
6 fO 2‘0 3‘0 4‘0 56 ﬁb 7b 6 fO 2‘0 3‘0 L] 5‘[‘ ﬁb 7b 6 1‘0 Eb 3b 4‘0 Sb ﬁb 7b
(a) classification and regression loss (b) Total loss (Xception-VGG19)
Figure 4.21: Xception-VGG19 losses(loss values by the number of epochs)
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Figure 4.22: MobileNet losses(loss values by the number of epochs)
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(a) classification and regression loss(Inceptionv3) (b) Total loss (Inceptionv3

Figure 4.23: Inceptionv3 losses(loss values by the number of epochs)

e Test results

Table 4.3: Faster RCNN test results

Backbone Class | mAP@O0.5

Fire 0.36
faster RCNN

smoke | 0.44
VGG16

All 0.40

Fire 0.26
faster RCNN

Smoke | 0.43
VGG19

All 0.35

Fire 0.35
fastre RCNN

Smoke | 0.11
Xception

All 0.23

Fire 0.41
faster RCNN
< 19 Smoke | 0.46

ception v
P —88 All 0.44

Fire 0.34
faster RCNN

Smoke | 0.32
MobileNet

All 0.33

Fire 0.43
faster RCNN

Smoke | 0.43
Inceptionv3

All 0.43
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VGG16 test images exemples

Figure 4.24: VGG16 test images

VGG19 test images exemples

- smoke:
T ——

Figure 4.25: VGG19 test images
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Xception test images exemples

Figure 4.26: Xception test images

Xception-VGG19 test images exemples

Figure 4.27: Xception-vggl9 test images
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MbobileNet test images exemples

Figure 4.28: MobileNet test images

Inceptionv3 test images exemples

Figure 4.29: Inceptionv3 test images
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4.2.1.3 Comparison between the two approaches

The two best models used on D6 were YOLOv8n and faster RCNN with the hybrid model
Xception-VGG19 as a backbone.

Table 4.4: Comparison between one stage two stages results

Method used mAP@0.5
YOLOv8n 92%
Faster RCNN (Xception-vggl9) | 44%

Our approache

4.2.1.4 Comparison between related work and our contribution

From the previous related work that we mentioned before, we notice that they had better
machines and hardware compared to our work, we also observe that our contribution is the
second one of all time in fire detection to use faster RCNN and the first to use Xception, Mo-
bileNet, Inceptionv3, and the hybrid model Xception-VGG19 as backbones. Additionally, our
study outperformed the work that employed the same model by utilizing YOLOvS. Further-
more, the usage of YOLO’s latest version, the majority of those works focused on outdoor fire
more specifically forest or wildfire, while we focused on both indoor outdoor and forest fire and
smoke detection. Table 77 summarizes our study compared to related work.
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4.2.1.5 Results discussion

From the test results, we notice that the YOLO performed better than the Faster RCNN
and that could be due to the fact that Faster RCNN is a two-staged architecture so it takes
a considerably much longer time to train. Hence, outcome better results, and because our
training time on Google Colab was limited we only had 5 hours a day to train two stages.
However, YOLO had the whole 5 hours to train its only one stage.

When it comes to the results of the proposed backbone for the faster RCNN we find that the
one we created Xception-VGG19 has the highest mAP and better results than each backbone
trained separately.

4.2.2 Simulation using UAVs

We developed a scenario for combating such events with UAVs in forests or large expanses.
The following scenario takes place after the detection of fire using our models via cameras.
Once the fire or smoke is detected the nearest UAV with a sufficient battery and water tank
will be summoned to extinguish it, however, if the fire cannot be extinguished by one UAV,
multiple UAVs must be summoned; if the fire continues to exist even with the assistance of
those UAVs, the last resort is to ask for the intervenience of the fire department.

Start
!
Fire detected by
cameras
!
sufficient Select the nearest
Yes| - batteryand UAV to this zone
tank No
There is fire
1Yes
Fireis No
too big
Yes s the fire under- g
Yesl control using one
UAV
Request help Request help
form fire station from other UAVs
| .

Take done fire

Figure 4.30: Our proposed simulation scenario
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4.3 Conclusion

In our study, the detection of fire and smoke was done with two approaches of object
detection YOLO and Faster RCNN. We choose the Deep Transfer Learning approach. We
used VGG 16/19, Xception, a concatenation between VGG19 and Xception, MobileNet, and
Inceptionv3 for the Faster RCNN approach, and for YOLO we used YOLOv5n and YOLOv8n
with 6 datasets. After the training and testing, we demonstrated that D6 using YOLOVS had
the best results with an mAP@50=92% because it was the biggest dataset among the six. In
addition to that, it contained both fire and smoke images . After that, we trained D6 using the
Faster RCNN, we found that the Xception-VGG19 had the greatest results, with an mAP@Q@50
of 44%. In the second part of our study, the simulation phase is supposed to be implemented
using UAVs. However, due to a lack of time and documentation about tools for the UAVs
simulation, we were incapable to implement our proposed scenario.
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5.1 General conclusion

We proposed a deep learning-based approach for fire and smoke detection. Our approach
is divided into two parts, the first part is for detection, it includes one stage of detection using
YOLO and two stages detection using Faster RCNN. The second part is for the simulation.

The detection part starts with the preprocessing phase, where we collected several datasets
and then labeled them, for the one stage detection we used YOLOv5n and YOLOv8n, mean-
while for the two stages detection we used Faster RCNN with different models as backbones,
which are VGG16/19, Xception, the hybrid model Xception-VGG19, Mobilenet, and Incep-
tionv3, the obtained results showed that the usage of one stage detection in our case had better
results than the two stages detection where YOLOvS8 had an mAP@0.5 at 92% and faster
RCNN with the hybrid model Xception-VGG19 had an mAP@0.5 at 44%. The reason behind
the big difference between the two approaches” mAP@0.5 is the limited time we had for the
training phase.

Our approach with the Faster RCNN is the only one that includes several backbone models
such as Inceptionv3 and Xception and Mobilenet, additionally, our hybrid model that concate-
nates each of VGG19 and Xception. As far as the simulation part we made a scenario using
UAVs to take down fire once detected in forests or wide areas

5.2 Limitations

Even though we reached great results for smoke and fire detection, our approach had many
limitations:

e The major limitation of the project is the lack and limited time for training on Google
Colab taking into consideration the size of our dataset
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e The lack of hardware equipment when it comes to the GPU

e The other limitation we had was that we couldn’t implement the simulation part due to
a lack of time and documentation.

5.3 Future Perspectives

our future perspectives are:

e Train the faster RCNN models for a longer period in better hardware in order to achieve
more accurate results.

e Implement the simulation using UAVs for outdoor and forest detection with OMNET++
or NS2

e For the indoor fire, we want to create a system with CCTVs that sends a notification
attached with the live streaming or images to the user if fire or smoke is detected and if
the detection is false the user indicates that its false if not he can call the fire department.

e Try different backbones for the one-stage detection.
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