SV.L 9AIBN

SIssyl ‘A’ud v

¢c0¢ NOV

EARLY DETECTION OF FOREST FIRE
FROM VIDEO UTILIZING TEMPORAL
INFORMATION

A THESIS
SUBMITTED TO THE DEPARTMENT OF ELECTRICAL AND
COMPUTER ENGINEERING
AND THE GRADUATE SCHOOL OF ENGINEERING AND SCIENCE
OF ABDULLAH GUL UNIVERSITY
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY

By
Merve Tas
October 2022



EARLY DETECTION OF FOREST FIRE FROM
VIDEO UTILIZING TEMPORAL INFORMATION

A THESIS
SUBMITTED TO THE DEPARTMENT OF ELECTRICAL AND COMPUTER
ENGINEERING
AND THE GRADUATE SCHOOL OF ENGINEERING AND SCIENCE OF
ABDULLAH GUL UNIVERSITY
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY

By
Merve Tas
October 2022



SCIENTIFIC ETHICS COMPLIANCE

I hereby declare that all information in this document has been obtained in accordance
with academic rules and ethical conduct. | also declare that, as required by these rules and
conduct, I have fully cited and referenced all materials and results that are not original to

this work.

Name-Surname: Merve Tas

Signature :



REGULATORY COMPLIANCE

Ph.D. thesis titled “Early Detection of Forest Fire From Video Utilizing Temporal
Information” has been prepared in accordance with the Thesis Writing Guidelines of the
Abdullah Giil University, Graduate School of Engineering & Science.

Prepared By Advisor Co-Advisor
Merve TAS Assist. Prof. Kassm TASDEMIR Assoc. Prof. Zafer AYDIN

Head of the Electrical and Computer Engineering Program
Assoc. Prof. Zafer AYDIN



ACCEPTANCE AND APPROVAL

Ph.D. thesis titled “Early Detection of Forest Fire From Video Utilizing Temporal
Information” and prepared by Merve TAS has been accepted by the jury in the Electrical
and Computer Engineering Graduate Program at Abdullah Giil University, Graduate

School of Engineering & Science.

/ /2022

JURY:

Advisor : Assist. Prof. Kasim TASDEMIR
Member : Prof. Behget Ugur TOREYIN
Member : Assist. Prof. Mustafa COSKUN
Member : Assist. Prof. Giilay YALCIN ALKAN

Member : Assist. Prof. Nuh AZGINOGLU

APPROVAL:

The acceptance of this Ph.D. thesis has been approved by the decision of the Abdullah

Gl University, Graduate School of Engineering & Science, Executive Board dated .....

/...../ 2022 and numbered

Graduate School Dean
Prof. Dr. irfan ALAN



ABSTRACT
EARLY DETECTION OF FOREST FIRE FROM VIDEO
UTILIZING TEMPORAL INFORMATION

Merve TAS
Ph.D. in Electrical and Computer Engineering
Advisor: Assistant Professor Kasim TASDEMIR
Co-Advisor: Assoc. Prof. Zafer AYDIN

October 2022

Forest fires are considered as the major threats to lives, properties and to the
integrity of the ecosystem around the world. In most cases, the fire damage can be
reduced, when the initial signs of the fire are detected in a timely manner. Since smoke is
considered as the first visual sign of fire, detection of smoke is vital. Hence, a successfully
designed smoke detection system is essentially critical in the early detection of smoke for
outdoor environments. The existing smoke detection methods suffer from high false
alarm rates and cannot accurately detect smoke in hazy environments.

To address these problems, this thesis is focused on smoke detection model at an
early stage that utilizes deep learning (DL) based techniques for outdoor locations. This
work contributes mainly to four aspects of smoke detection: (1) new datasets preparation
for three smoke detection tasks classification, detection-segmentation, and video
classification, (2) utilizing transfer learning to detect the smoke on the relatively small
dataset, (3) image dehazing process that includes removing the haze from the dataset
images to enhance the system performance, (4) designing a novel hybrid video
classification model by combining the two DL based video classification structures.

This work will be a resourceful reference for researchers working in the fields of
forest fire or smoke detection studies at an early stage. The experiments, research
findings, and enhanced performance of the smoke detection system provide a source of
information about smoke detection. Current studies can be utilized to further improve the
design of efficient and reliable fire safety models.

Keywords: Deep Learning, Spatio-Temporal Information, Forest Fire Early Detection,

Smoke Detection, Image Dehazing.



OZET
ZAMANSAL BILGIDEN FAYDALANARAK VIDEODAN
ORMAN YANGINLARININ ERKEN TESPITI

Merve TAS
Elektrik ve Bilgisayar Miihendisligi Anabilim Dali Doktora
Tez Yoneticisi: Dr. Ogr. Uyesi Kasim TASDEMIR
fkinci Tez Yoneticisi: Dog. Dr. Zafer AYDIN

Ekim 2022

Orman yanginlari, tim diinyada yasamlara, miilklere ve ekosistem biitiinliigline en
biiyiik tehdit olarak kabul edilmektedir. Orman yanginlarinin erken tespiti ile yanginin
yol acacagi hasarlar azaltilabilir. Duman, yanginlarin ilk gorsel isareti oldugundan,
dumanin tespiti olduk¢a Onemlidir. Basarili sekilde tasarlanmis bir duman algilama
sistemi, dis ortamlarda dumanin erken tespitinde kritik 6neme sahiptir. Mevcut duman
algilama yontemleri yiiksek yanlis alarm problemi ile karsilagsmaktadir ve puslu
ortamlarda duman tespiti konusunda tam olarak basarili degildir.

Bu tez, orman yanginlarinin erken asamada tespitindeki problemleri ¢ozmek i¢in
derin 6grenme tabanli yontemlerin kullanilmasin1 6nermektedir. Bu ¢alisma, dumanin
tespiti icin dort farkli Oneri sunmaktadir. (1) Dumanin goriintiiler {izerinde tespit
edilebilmesinde kullanilan duman siniflandirmasi, tam olarak yerinin belirlenmesi ve
videodan dumanin tespiti gibi yontemlerde kullanilmak {izere ii¢ farkli veri setinin
hazirlanmasi. (2) Nispeten daha kiigiik veri setleri i¢in 6grenme aktarimi yonteminin
kullanilmasi. (3) Sistem performansini artirmak igin veri seti goriintiilerinden bulanikligin
kaldirtlmasi. (4) Derin 6grenme tabanli iki farkli yapinin kullanilarak hibrit bir video
siniflandirma modelinin tasarlanmasi.

Bu calisma, erken asamada orman yangimi veya duman algilama calismalar
alanlarinda calisan arastirmacilar i¢in kaynak niteliginde olacaktir.

Anahtar kelimeler: Derin Ogrenme, Mekan-Zamansal Bilgi, Erken Asama Orman

Yanginlar: Tespiti, Duman Tespiti, Goriintii Bulaniklig1 Giderme.
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Chapter 1

Introduction

Severe wildland fires are considered to be one of the major threats on human life
and the environment. Industrial growth without taking any precautions for the
environment give rise to increase the Earth’s temperature. Climate changes or accident
by people lead to forest fire all over the world, which not only cause the economic losses
and destroy the ecological balance, but also has the hazardous effects on the safety of
human life. Forest fires can cause smoke pollution, release greenhouse gases and degrade
the ecosystem.

According to the National Interagency Coordination Center (NICC) of USA,
annually there were an average of 61,289 wildfires and consequently average of 7,4
million acres impacted between from 2012 to 2021 years in the USA [1]. Figure 1.1
illustrates annual wildfires and acres burned in USA for 30 years.

In addition, during the forest fires 6,000 structures such as residential, buildings
destroyed in Canada in 2021.

The Australian 2019-2020 bushfire season was one of the most disaster effect in
recent years all over the world. During the 2020 summer season, millions of hectares
burned, thousands of properties damaged and countless numbers of wildlife exposed in

Australian wildfires [2].
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Figure 1.1. Annual wildfires and Acres Burned in USA for 30 years [1].



According to the General Directorate of Forestry (GDF) statistics, forest fire
activity between the years of 2016 and 2021 in Turkey is shown in Figure 1.2. In these
years, a total of 16,676 wildfires occurred, resulting in damage to 198,599 hectares [3].

Burning forest areas, 2016-2021

Hectare
139 503
9 156 11 332 20 971
11993 5 644 n
2016 2017 2018 2019 2020 2021
Number of fires, 2016-2021
3 188
2 GBS
3399 2793
2411 5167
2016 2017 2018 2019 2020 2021

Figure 1.2. Forest fire activity between the years of 2016 and 2021 in Turkey
(GDF) [3].



Furthermore, there are many reasons for wildfire accidents such as negligence,
intentional by the people, natural from lighting and unknown reasons. Statistics on the

cause of wildfires in 2021 are shown in Figure 1.3.

Total output according to cause of fire, 2021

(Number)

110

ol Intentional
M MNegligence
wl Natural

(Lighting)
wl Unknown

Figure 1.3. Causes of wildfires in Turkey, 2021 [3].

Ecological, biological, technical, economic, administrative, and social factors all
play a role in forest fires. Forest fires are natural event which have destructive effects on
the economic, social and environment. In most cases, the fire damage could have been
reduced, if not fully prevented, if the initial signs of the fire were detected in a timely

manner. Thus, early detection of forest fires are very crucial.
1.1 Early Detection Approaches of Forest Fires

Several traditional and sensor-based computer vision techniques are developed for
forest fire prevention and minimization of its devastating effects over the years. Computer
vision based systems use image and video analysis that obtained from surveillance
cameras by using image processing (IP) and machine learning (ML) algorithms for early
detection of forest fires.

Traditional smoke detection sensors generally use indoor such as residential
buildings, commercial complexes, industrial locations, critical care areas. These systems
detect the smoke and fire by sensing the smoke/fire particles or rising in temperature.
These sensors are also cheap and simple to use [4]. For this system, location and distance



of sensor is very critical to determine the smoke/fire areas. In outdoor areas, background
scene changes with weather conditions and time. Moreover, the detection from video is
more challenging task in outdoor environment when the presence of low illumination
conditions such as fog and haze. However, traditional sensor based smoke detectors that
have limited range are not applicable for large covered outdoor areas. Wildfire detection
in early stage is very crucial task that generally uses cameras that located at surveillance
towers at a certain height, through aerial surveys or satellite images. However,
environmental conditions limit the detection performance of this vision-based systems
and it leads to false alarms. Nonetheless, several algorithms have been proposed for
vision-based smoke/fire detection that are feasible to solve the problems related to
traditional detectors. These solutions generally use IP and ML techniques to analyze
images and videos captured by monitoring systems and detect the smoke/fire in early
stage [5]. The most of existing vision-based systems focus on the color, shape, motion
and texture features for the smoke/fire detection techniques. However, effective feature
representation is very challenging task due to smoke/fire has chaotic behavior, shapes,
movement, color, texture and density in surveillance videos. Thus, these systems have
high false alarm rates.

In computer vision-based smoke and fire detection systems, features are crucial.
The classifiers utilize the features with the hand-crafted extraction process for the training
process. Hand-crafted feature extraction methods are both expensive and time consumer.
Although, deep learning (DL) methods automatically learn the features directly from
input data instead of manual feature extraction methods. In last decades, deep learning
methods have incredible performance in many object detection and recognition tasks [6].
In literature, many studies have been published related to fire and smoke detection method
using IP, ML and DL techniques. In outdoor environments, detection of smoke that first
sign of forest fires is very important task to minimize the effects of fire.

In general, image and video based smoke detection methods consist of three tasks.
First of all is classification task that images are classified as smoke and non-smoke.
Second is detection task which are based on localization and detection of smoke in an
image or video frames. The final is segmentation task in the pixel level. All these tasks
are used IP, ML and DL algorithms shown in Figure 1.4.
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Figure 1.4. Using techniques in vision-based smoke detection [7].

Smoke classification methods mostly focus on the prediction smoke and non-smoke
scenes in an image or video frames and also can be predicted fire and non-fire scenes for
some cases. Smoke detection methods utilize both location of smoke and fire by using
bounding boxes. Smoke segmentation is mainly focus on the images and videos from

forests, city scenes [7].

1.1.1 Research Problems and Research Questions of the Thesis

Every year, many forest fires break out and threaten human lives and properties
around the world. In most cases, the fire damage can be prevented, or at least reduced, if
the fires are detected earlier. Therefore, developing an early fire detection system is

essentially vital. Since the first visual sign of a forest fire is smoke, detecting the smoke



is vital for preventing forest fire events. Therefore the detection of smoke is always the

first step in fire-alarm systems.

The broad question of the thesis is, in the knowledge of the recent advancements in
machine learning, can a system with higher detection accuracy be developed? However,
this question begs more specific questions such as which recent methods are promising
in smoke detection problem, and, which disadvantages of the current methods can be

alleviated?
Based on the literature review, research consists of three research problems:

1. Even if there are some attempts to use temporal information, the literature
overlooks the temporal changes in a smoke object, so to speak, behavior of a
smoke object over time. Would using temporal data along with the spatial one
yield any significant improvement in the accuracy?

a. How to incorporate the temporal information?
b. Inorder to use temporal information, can we employ popular deep learning

methods in smoke detection problem?

CNN based smoke detection algorithms focus on 2D images that have only spatial
information. However, video sequences consist of both spatial and temporal
information. There are many action recognition from videos methods to incorporate
the temporal information. The main aim is to determine the convenient smoke

detection from video method in terms of high accuracy and low false alarm rate.

2. How well the most recent and often mentioned Deep learning methods for
segmentation tasks such as Mask RCNN, perform on smoke detection problem?

This question addresses utilizing of the smoke segmentation architecture for
detection of smoke in early stage. The aim of this study is selection of the best

accurate smoke detection system.



3. How to improve the system performance the existing deep learning based smoke

detection models?

For the improving of the system performance, both fine-tuning to models and pre-

processing method such as image dehazing are utilized on the dataset images.

1.1.2 Objectives

The overall aim of this thesis is to develop a smoke detection system to detect the

forest fires in early stage for complex outdoor environment. For this purpose, the thesis

includes the following objectives:

Curating and labeling dataset and extraction of meaningful features for detection
of smoke in early stage.

Applying pre-processing methods to the dataset to increase the quality of the
dataset images.

Utilizing CNN based classification, detection and segmentation methods.
Enhancing the DL based state-of-the-art methods by using fine-tuning methods and
hyperparameter optimization and comparison of performance these methods.
Design a video-based smoke/non-smoke classification model by using the popular

DL based action recognition techniques.

1.1.3 Contributions

The methods proposed in this thesis are aimed at increasing system performance

which depends on high detection accuracy and low false alarm rate. The main

contributions of this study are as follows:

1.

Dataset preparation for three computer vision tasks such as image classification,
detection and segmentation and video classification.
This is the first study which attempts to eliminate fog in the images before any
further smoke analysis.
a. Empirically it is shown that this significantly reduces the error rate for
both forest smoke segmentation and classification tasks.



b. The method generalizes well to current or future smoke related computer
vision tasks specifically performed in hazy environment.
3. A novel hybrid model is then proposed by combining two methods that have used

for video-based classification.

1.1.4 Scope

This thesis mainly focuses on the smoke detection task by using surveillance videos
and its extracted frames. Feature extraction from input data by using different DL based
models is challenging task due to chaotic behavior of smoke.

The study considers investigating of fine-tuned CNN based classification methods.
The aim of fine-tuning process to use pre-trained weights to speed up the training process
and enhancing the accuracy on the small dataset. Also pre-processing which removes the
haze from images both improves the system performance and makes it easier to detect of
smoke.

Moreover, it includes dataset preparation for smoke detection and segmentation in
an image. Popular DL based smoke detection and segmentation methods can be applied
on the created dataset. One aim of this study is to prove usability of the dataset for the
recent deep learning based models on different tasks.

In addition, this thesis aims to design a video smoke/non-smoke classification
model by combining the two different video-based method on the new created video
databases. The main concept is to improve the existing DL based techniques for special
task.

In this thesis, overall proposed models aim to develop a fire safety model in early
stage to diminish the effect of forest fires. As a result, utilizing deep learning based
methods can be effective techniques for smoke classification, detection, segmentation and

video classification tasks.

1.1.5 Thesis Outline

The remaining chapters of this thesis are outlined as follows.



Chapter 2 contains the literature review of this thesis. Related works for smoke and
fire detection are presented in this chapter which mainly focus on machine learning and
deep learning based techniques

Chapter 3 compares the CNN based and Transformer based that uses for natural
language processing smoke/non-smoke classification methods. First, the dataset
preparation section is described. Then, using all models are fine-tuned by using special
hyperparameters. Also, pre-processing method is applied the dataset to obtain haze-free
clear images. Then, again all results are compared in terms of accuracy in this chapter.

Chapter 4 utilizes smoke detection and segmentation frameworks. First, the dataset
which are selected from smoke/non-smoke dataset in Chapter 2 is created in this chapter.
State-of-the art object detection methods are implemented to created dataset. Then, DL
based popular image segmentation method is applied to the same dataset. Then the smoke
localization results are compared in terms of accuracy. In addition, pre-processing method
is employed to smoke segmentation task to investigate the effects of image dehazing.

Chapter 5 develops a hybrid video smoke classification method which are classified
videos as smoke and non-smoke. First, new video classification dataset is created in this
section. Dataset is arranged as sub-videos of dataset videos such as existing video
databases in literature. Then created dataset is utilized with several video-based
classification models. After that, the hybrid video classification method that includes
combining of Long-Short Term Memory (LSTM) and Gated Recurrent Unit (GRU)
structures is proposed for our special task. Then all results are compared to each other by
using evaluation metrics.

Chapter 6 includes conclusion, societal impact of this thesis and proposals for future

work.



Chapter 2

Literature Review

2.1 Traditional Smoke Detection Methods

Smoke detection fall into categories such as smoke classification, detection and
segmentation and also video classification by using surveillance cameras.

The smoke classification task primarily involves labeling the images or video
frames as ‘smoke’ and ‘non-smoke’. Image labels may also include other classes such as
smoke with fog or smoke without fog, depending on the environmental conditions at the
first time of image capturing process. The labels may contain other classes such as smoke
with fog, smoke without fog, non-smoke with fog and non-smoke without fog etc.

Another category is smoke detection which is related to bounding box estimation
to detect the localization of the smoke in an image. This method predicts a region of
interest by using the high, center and width of smoke containing bounding boxes.

Segmentation is a method of split the pixels of an image into multiple regions to
obtain useful information from the image. Pixel-by-pixel segmentation provides
information about the object of interest. Segmentation can be divided into two types:
semantic segmentation and instance segmentation. In the semantic segmentation, all
entities in an images are counted as single entity, whereas instance segmentation regards

each entities as different entity.

2.1.1 Traditional Smoke Classification Methods

Early techniques are used traditional IP algorithms such as local binary pattern
(LBP) [8], Lucas Kanade method for optical flow estimation (LK-M) [9], Gaussian
Mixture Model (GMM) [10], Hue, saturation, value (HSV) color model [11], image
enhancement [4], image matting [12] and background subtraction methods. ML
techniques also widely preferred for the smoke classification tasks. Support vector
machine (SVM), k-nearest neighbors (k-NN) [13] practical swarm optimization (PSO)

[14] are most commonly used in ML. Cui at al. [15] proposed a neural network classifier
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for smoke and non-smoke texture analysis. Texture feature extraction was carried out
using wavelet packets and grey level co-occurrence matrices (GLCM), and smoke as well
as non-smoke textures were distinguished using a two-layer backpropagation neural
network classifier. Their analysis based on the combination of GLCM and original
textures features obtained better accuracy for the classification task.

Several studies have found that LBP can effectively extract smoke textures. Yuan
at al. [16] suggested a method based on LBP and LBPV histogram sequences for
classification. Classification was carried out using a neural network classifier. LBP was
used to extract local information, while a 3-level image pyramid was used to extract
global texture information. Their approach performed well on hundreds of test images,
but it suffered when tested on video frames containing unseen objects during the training
process. These videos included objects such as diesel fuels combustion smoke, and non-
smoke video frames of traffic on streets. Vidal-Calleja and Agammenoni et al. [17]
proposed a smoke detection approach based on the bag-of-words feature. The method
could detect the amount of smoke in a given image. The method achieved good
performance on the test set. Ho at al. [18] introduced a SVM classifier based smoke
detection system based on laser light that was tested at night-time. In the complicated
case, the algorithm showed good performance. Yuan et al. [4] suggested another LBP
code-based approach for texture categorization. The experiment was carried out on four
datasets comprising smoke images in order to detect smoke. The approach showed highly
effective performance in texture classification, with a 95.3% correct texture classification
rate on the dataset provided by Brodatz et al. [19].

Smoke classification on satellite images is another field of research, and a number
of studies has been done in this area. One of the difficulties in detecting smoke with
satellite images is its visual similarity to clouds, haze, fog, and so on. To address this
issue, many researchers have offered methods based on classical ML techniques. Li et al.
[20] suggested a method to discrete smoke plumes from the background in satellite
images of forest fires. In the model, first object pixels are extracted by using threshold.
Then the selection of feature vectors is performed to pass into the back propagation neural
network (BPNN) as input. They achieved 97.63% classification accuracy rate in their
model. Li et al. [21] suggested a neural network and threshold-based strategy to
classifying images from the Advanced Very High Resolution Radiometer (AVHRR)
dataset, with their classification model obtain 99.6% accuracy. Tian et al. [12] suggested

a smoke classification approach for images involving problematic objects like fog that
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have an appearance similar to smoke. The technique depended on separating smoke from
the background in a single video frame. To identify sparse representations for the smoke
and background components, first the authors formulated the issue of separating a frame
into quasi-smoke and quasi-background components as a convex optimization problem.
Then, they created a feature using the sparse coefficients for detecting smoke in video
frames. In the experiments, the authors used five datasets. The datasets included smoke
images with various forms of smoke, such as heavy and light smoke, as well as non-
smoke images with items that looked like smoke, such as garments, clouds, fog/ haze,
glass, shadow, sky, steam, vehicle body, wall, water, and so on. The method achieved
94.9% accuracy on the dataset. The approach could perform well even for images with
complicated backgrounds such as cloud and fog/haze that were visually comparable to
smoke. Hossain et al. [22] suggested a method for classifying smoke and flame in images.
In their algorithm, an input image is first separated into blocks, and then an artificial
neural network (ANN) is trained to categorize these blocks for smoke and flame. They
have used color and texture combination to classify these blocks as fire/smoke/neutral.
The model is built with 20 train and 5 test images gathered from the internet. Their model
achieved 84.8% for average block categorization accuracy. Although their model
performed texture classification, they used less images.

According to a review of these methods, neural networks and SVM have proven
quite popular in smoke categorization. Various techniques for identifying smoke texture
have also been developed in order to appropriately classify smoke images. Despite the
fact that conventional IP and ML based solutions perform well to address the many issues,
real-time smoke detection and position estimation remains a challenge. This area of
research has been kept alive by a variety of difficult background conditions, clouds, fog,
and other smoke-like objects, as well as the additional challenges of low illumination.
With the improvements of DL, researchers have proposed various new strategies for
smoke detection that take advantage of CNNs feature extraction capabilities. In the
following section, we will go through some of the more traditional methods for smoke

detection and segmentation.
2.1.2 Traditional Smoke Detection and Segmentation Methods

For object localization task, bounding boxes provide to locate the certain object in

an image. Therefore, identifying the smoke at a certain location serve as the prevention
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of the disaster. Previously, conventional image processing and machine learning
approaches were widely used to locate smoke in an image or video. For video smoke
analysis, IP/ML techniques based on bounding boxes for smoke localization were
generally proposed. For localizing of smoke in images and videos. Gagliardi et al. [23]
used both IP and DL approaches. The method utilizes a Kalman filter for motion
detection, color segmentation, the extraction of bounding boxes around a moving gray
object, and prediction via a CNN. For this purpose training the CNN dataset is used that
comprise smoke and non-smoke images. The authors used two datasets to assess the
performance of their method: the Firesense dataset Dimitropoulos et al. [24] which
contains videos of flame and smoke, and the Gagliardi and Saponara et al. [25] dataset,
which contains 42 videos. Even in settings with moving objects like clouds, the approach
looked excellent. Because a lightweight CNN is utilized, the method can also be used to
detect smoke in 10T devices. Hossain et al. [26] proposed a method for localizing forest
fires and smoke using aerial images based on LBP and ANN. Different environmental
conditions, their technique outperformed SVM and You Only Look Once (YOLOvV3).
Their approach processed 19 frames per second efficiently.

Despite the dominance of conventional IP and ML approaches in the 1990s with
considerable improvements in the performance of DL methods for general object
identification, researchers focused on studies CNN-based bounding box detection
algorithms.

Smoke segmentation is a type of detection problem. Segmentation is difficult task
due to multiple problems such as identical backgrounds, hazy images, similar color and
shape etc. In smoke segmentation, color and texture features plays vital role. Several
researchers have utilized color enhancement and color channel analysis to segment the
smoke regions. Some have concentrated on smoke motion features. Background
subtraction, morphological procedures, region growth, color enhancement, and other
vision-based approaches are commonly utilized by researchers. Long et al. [27] suggested
a smoke segmentation approach that uses the dark channel before to estimate smoke
transmission. The experimental evaluation was carried out on real-life images with heavy
and light smoke. The approach could only detect gray and white smoke. The model's
performance may have improved with more color range and motion feature analysis.
Wang et al. [28] segmenting smoke in forest fire images utilizing region growth and
Fractional Brownian Motion (FBM). FBM was used to evaluate the images, and the Hurst

exponent was analyzed. Segmentation was done using the Hurst exponent threshold
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values, and a threshold values between 0.75 and 0.875 was found to be better; a threshold
of 0.81125 was found to be the best. Their strategy outperformed edge detector operators.
Li et al. [29] introduced a clustering-based statistical segmentation technique that uses
both spectral and spatial information in a model and outperforms histogram-based
algorithms such as k-means algorithm. The method's performance was evaluated using
two images. One image shows smoke rising from a fire near Cuiaba, Brazil, while another
shows smoke rising from a fire in California, USA. They used extremely few images to
assess the efficacy of their method, therefore it is unclear how well the system would
operate on unseen images. Xing et al. [30] also developed a color-based technique that
makes use of HSV and LAB space. Locate the smoke region, they used pixel clustering
with k-means. The model is constructed utilizing smoke images in an outside area, with
three main image categories: human, smoke, and weed. However, their model fails to
address the issue of over/under-segmentation. Xiong and Yan et al. [31] introduced a
segmentation approach called Simple Linear Iterative Clustering (SLIC). Reduce the false
detection rate, the method first groups the pixels based on their similarity in location and
color, and then detects the boundary line between the sky and the ground, which
eliminates the interfering object cloud. SVM is used to classify the super pixels. In forest
scenes, the approach achieved 77% accuracy. However, the approach is biased by the

daylight lighting circumstances.

2.1.3 Traditional Video Based Smoke Classification Methods

Video smoke analysis plays a critical role in smoke and fire detection as most of
the surveillance systems. The motion characteristics and dynamics of smoke are essential
in early fire detection. A considerable amount of work has been done in the area of video
smoke analysis, and a large number of research articles reviewed in this study fall under
this category.

Apart from spatial image characteristics, traditional IP approaches heavily used
transform domain analysis. The wavelet transform was the most used transform domain
technique. Toreyin et al. [32] suggested an approach based on the idea that as time passed,
the wavelet energy of edge areas decreased. Their approach could identify smoke in real
time within 10 ms of processing time per frame. Chen et al. [33] discussed two essential
decision rules for smoke pixel evaluation, chromaticity and diffusion based decision
procedures. Xu and Xu et al. [34] developed another method for training an ANN that
uses both static and dynamic properties of smoke. Their method was effective in detecting
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a moving target by extracting its contour. The neural network was then taught to detect
smoke. They tested 50 videos and got a hit rate of 0.94 out of them. Chunyu et al. [35]
utilized a neural network classifier to identify fire smoke in real time. They used a texture
analysis method based on image block processing to differentiate smoke texture features
from non-smoke texture. The system was tested using two smoke videos and two non-
smoke videos from the VisiFire Dataset [36]. It could generate more than 50% of the
alarm frames in smoke videos, but less than 5% in non-smoke videos. Toreyin and Cetin
[37] suggested a four-step system for wildfire detection that took into account slow-
motion of smoke objects, grey-colored region distinction, upward movement of smoke,
and shadow regions. The method's efficacy was proved by testing it on 5 video clips
collected from 6 hours of woodland shooting. Chunyu et al. [9] suggested a color and
motion-based technique. The Lucas Kanade technique was used to calculate the optical
flow of potential locations. Testing was carried out on eight smoke and seven non-smoke
videos from the VisiFire Dataset. Because of the utilization of motion and color
information, objects with similar color distributions, such as a reflection from a car
headlight, were easily identified. Tung and Kim et al. [38] suggested a classification
approach for video sequences based on motion, color, and area difference in the probable
smoke regions of consecutive frames as feature vectors in the SVM for identifying smoke.
Indoor, outdoor, non-smoke, and smoke-colored objects in motion were shown in training
videos. Their approach was evaluated on nine indoor-outdoor smoke video sequences,
comprising six positive (smoke) and three negative (non-smoke) videos. SVM
demonstrate robust performance when the smoke in the previous ten frames, only the
alarm was considered valid. Therefore the changes of generating false alarm rate reduced.
On real and simulated frame sequences, Labati et al. [39] suggested a computational
intelligence technique for recognizing and segmenting wildfire smoke. To improve the
algorithm's robustness, several adverse situations were introduced into the data. These
modifications included the adding of noise, changes in lighting, and fog effects. Their
technique was evaluated on datasets with low and medium quality video frames, actual
and synthetic frames, and smoke/non-smoke frames in a variety of environments. The
authors Labati et al. [39] tested their method using the VisiFire dataset and the dataset
provided in Yuan et al. [40]. Their method detected smoke in long-range movies in real-
time applications and in a variety of environmental conditions. Torabnezhad et al. [13]
proposed another work for short-range smoke detection. It was a two-phase method: first,

a candidate smoke mask was produced, and then, using energy calculation, a more
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accurate smoke mask was identified. Six video sequences from the VisiFire dataset were
used to test the efficiency of method. In the second phase of the algorithm, the average
smoke detection rate on 5 of the 6 videos was 90.09%, and the false smoke detection rate
was 7.8% in the sixth video. Barmpoutis et al. [11] used various smoke properties such
as texture, spatio-temporal dynamics, and other motion information to determine the
potential smoke patch in an image. Twenty video sequences of smoke and non-smoke
indoor and outdoor situations were evaluated experimentally. The videos were taken from
the VisiFire dataset and the VISOR [41]. An average detection rate of 93.37% was
obtained.

Image enhancement and edge detection techniques have also been utilized by
researchers to increase the efficacy of IP-based smoke detection systems. Yuanbin et al.
[8] suggested an IP technique that uses image enhancement to extract the smoke region
with the help of GMM. For recognition, static and dynamic features are taken and given
into the SVM classifier. LBP is another popular feature extraction method utilized by
researchers in smoke detection challenges. Alamgir et al. [42] suggested an LBP-based
feature extraction method that takes into account both local and global information on the
texture and color features of smoke. SVM is used for training and classification once
features are extracted from candidate smoke regions. The studies were carried out using
public datasets Cetin et al. [5], Ko et al. [43], Toreyin et al.[44]. The videos include
outdoor views such as mountains with clouds, sparkling lights, walking person, smoke
from dustbins, and so on. On publicly available datasets, the technique performs excellent
results, with a True Positive Rate (TPR) of 92.02% on average. Islam et al. [10] suggest
another smoke classification and segmentation approach based on GMM and HSV color
models. The approach performs well in smoke segmentation in images with complicated
backgrounds. The target area is first established using smoke growth analysis, then
features for classification are extracted using SVM. Eight videos from the VisiFire and
VISOR datasets were utilized to develop the SVM-based ML model. A classification
accuracy of 97.34% was achieved on average. However, their model has not been trained
on difficult environmental conditions such as fog. Wu et al. [45] recently presented a
forest fire smoke detection technique that utilizes a pixel block rule, wavelet transform,
and dictionary learning. The approach demonstrates good results in detecting smoke in
difficult settings such as hazy conditions, shadows, and shaking trees. However, it also
has a high FAR.
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2.2 Deep Learning Based Smoke Detection Methods

The CNNs have excellent performance on smoke detection task. Over the decades
a number of deep CNN based classification structure have been developed to improve the
smoke classification performance. Some popular CNN based classification methods such
as AlexNet [46], VGGNet [47], MobileNetv2 [48], GoogleNet [49], ResNet [50],
DenseNet [51] considered as state-of-the-art deep learning methods which have
outstanding performance on the benchmark datasets. Several researchers have been
utilized deep learning methods to address the smoke classification problem with the
inspiration from these CNN based structures. Deep learning (DL) has gained popularity

for fire and smoke detection.

2.2.1 Deep Learning Based Smoke Classification Methods

Yin et al. [52] proposed a deep normalization and convolutional neural network
(DNCNN) system. They used normalized layers as a replacement of convolutional layers
to boost the smoke detection system performance and they achieved lower than 60% false
alarm rate (FAR) and higher than 96.37% accuracy rate. The experiment was conducted
on VSD dataset. Filonenko et al. [53] performed a comparative study of several most
popular CNN architectures for smoke detection task on the different combinations of
VSD dataset. Tao et al. [54] also proposed a CNN based smoke classification model
which was tested on VSD dataset. They achieved a low FAR of 0.44% and a high
detection rate of 99.4%.

In some cases, smoke classification algorithms do not provide the expected
performance despite the using of transfer learning methods and they generally need to
large datasets. For the solution of this problem, some researchers proposed data
augmentation method by using Generative Adversial Networks (GAN) to generate the
more data containing smoke. Namazov and Im Cho [55] proposed a CNN based
classification model that uses GAN to tackle of the overfitting on limited dataset. The
model uses the adaptive piecewise linear unit as an activation function. In another work
by Yin et al. [56] the authors have proposed a model that combines a deep convolutional
generative adversarial network (GAN) for data augmentation and a convolutional neural

network to extract more descriptive smoke features. They used the vibe algorithm to
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generate smoke and non-smoke images in a dynamic scene. Then, they classified the
images as smoke or non-smoke. Gu et al. [57] proposed a deep dual-channel neural
network (DCNN) to detect the smoke. The DCNN is end-to-end network which consists
of dual channels of deep subnetworks. The first subnetwork extracts the texture
information of smoke in detail and the second captures the base contours information of
smoke. The combined subnetworks achieved high accuracy rate more than 99.5% on the
VSD dataset. On the other hand, proposed method has weakness for detection of the
smoke that have poor texture information. Liu et al. [58] have also proposed a dual-
channel smoke detection model. First channel is residual network based on AlexNet
which extracts the meaningful features and the second is CNN network for extracting
features from dark channel images in detail. The network was trained with VSD dataset
with some different scene images similar to smoke such as cloud, wall, water surface, etc.
the system reached the 98.56% accuracy rate. Zhang et al. [59] proposed a dual channel
CNN model to improve classification performance. In their model, they used transfer
learning with AlexNet as the first channel to extract generalized features and the second
channel as a small CNN for the extraction of detailed features. The proposed method
achieved good classification performance with 99.33% accuracy rate on the public VSD
dataset.

The existing methods discussed above suffer from a high false alarm rate (FAR)
and limited accuracy in severe hazy environments. To address these problems, Khan et
al. [60] proposed a VGG-16 based energy-efficient deep CNN smoke detection
framework which is trained on foggy data for early detection of smoke in both normal
and foggy Internet of Things (IoT) environments. They increased the smoke detection
accuracy and reduced the FAR using their method on their benchmark smoke detection
dataset. Muhammad et al. [61] have also proposed deep CNN based fine-tuned with
MobileNetv2 [48] smoke detection model in foggy surveillance environments. They
compared their method with state-of-the-arts structures. Both Khan et al. and Muhammad
et al. measured model performance on the VisiFire dataset and VSD dataset. They
reported 94.76% accuracy rate and 2.06% FAR on the datasets. In recent times, He et al.
[62] proposed an attention based deep fusion CNN based classification model using VGG
architecture in a foggy environment on a self-created dataset. They used an attention
mechanism a feature-level, and a decision-level fusion model in VGG together. For the
satellite images, Ba et al. [63] designed a SmokeNet based on CNN with spatial and
channel-wise attention for the six classes (dust, haze, land, seaside, smoke, cloud)
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classification task. The proposed model achieved 92.75% accuracy rate on the SmokeRS
dataset [63].

2.2.1 Deep Learning Based Smoke Detection and Segmentation Methods

CNNs are preferred for smoke localization problem due to they learn the features
from the input data automatically [64-66] and they have shown promising results in
localization task [67]. Therefore, the majority of researchers in literature are widely used
DL based smoke and fire localization methods. For the smoke localization task, Zeng et
al. [68] compared the performances of different object detection structures and their
different backbones such as Faster RCNN, SSD, and ResNetv2, MobileNet, InceptionNet,
Inception ResNetv2, respectively. Faster RCNN with Inception ResNetv2 backbone
achieved 56.04% mAP rate. In a similar study, Wu and Zhang [69] applied Faster RCNN,
YOLO, and SSD structures to identify the localization of smoke. They claimed that real-
time SSD performance was satisfactory despite the real-time YOLO performance
sufficiently not good on small size and dark objects of smoke and fire. Xu et al [70]
proposed a CNN and wavelet based model which performs two tasks such as color
segmentation to find the candidate regions for flame and wavelet for generating smoke
regions. System performance was reported as good and near-real-time processing time
for localization of flame. Real time YOLOv3 [67] based smoke localization method was
proposed by Jio et al. [71] for Unmanned Ariel Vehicle (UAV) application. The model
accuracy and speed was good for UAV application in forest fire detection. The proposed
method was not successful enough for localization of small fire regions due to the
limitation of YOLOV3 structure. Shi et al. [72] also proposed a YOLOv3 based smoke
and fire detection system. They reached the 83.7% average precision on the three open
public forest fire dataset. In recent, Li and Zhao [73] also performed Faster RCNN, SSD
and YOLOv3 based smoke and fire localization models. They compared the
performances of the structures each other on the three open public forest fire databases.
For real time smoke localization, Saponara et al. [74] was proposed YOLOv2 based
model. They evaluated the system performance on the three different dataset.

In literature, existing studies demonstrated that CNN based smoke and localization
algorithms have performed outstanding performance.

In the field of smoke detection and segmentation have been tremendous growth
with enhance the DL techniques. Over the last decades, several DL based smoke
segmentation models have been proposed. Yuan et al. [40] proposed a two-path encoder-
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decoder fully convolutional network (FCN) with skip connections architecture that to
extract the global information of smoke and to keep fine spatial details of smoke from
local information. The network was trained on dataset which contains real and synthetic
smoke images. The system performance was better than some the state-of-the-arts
segmentation structures such as FCN, SegNet and Deeplab. In another work by Frizzi et
al. [75] proposed a new VGG based smoke and fire segmentation model in RGB images.
That network is a combination of coding and decoding phases to achieve significantly
higher segmentation accuracy. They also showed that the quality of images and image
set’s diversity improve the segmentation performance. Khan et al. [76] was proposed a
smoke detection and segmentation framework by using EfficientNet for classification and
DeepLabv3+ for semantic segmentation for clear and hazy environments. They arranged
the dataset into four different classes (smoke, non-smoke, smoke with fog, and non-smoke
with fog) to improve the smoke detection accuracy in hazy environments. In their study,
they used their created dataset. Wen and Burke [21] proposed a deep learning model using
U-Net for segmentation of the smoke. In their model, they replaced Rectified Liner Unit
(ReLU) activation function with Parametric Rectified Liner Unit (PReLU). They used
Geostationary Operational Environmental Satellite (GOES) data. The model was
analyzed by using binary cross entropy and mean absolute error (MAE). They also
performed data augmentation effectively to improve their system performance. Another
CNN based decoder-encoder segmentation architecture was proposed by Larsen et al.
[77] for smoke segmentation. The model achieved 57.6% mean loU and has the good
performance in satellite imagery.

DL based smoke segmentation methods have attracted for the many researchers due
to the outstanding performance of CNN based models in recent years.

2.2.3 Deep Learning Based Video Classification Methods

Prediction of smoke movement from video frames is more challenging task than 2D
image based smoke detection tasks. Hu and Lu [78] was introduced a model that catches
the movement information from ordered frames by using spatio-temporal CNN. He
trained the model on their dataset. For the estimation of movement, they proposed two
stream ConvNet which spatio-temporal learning based two streams are trained separately
and then combined by SVM fusion. They reported that the system reached 97.0%
detection rate and 3.5% FAR. In the study of Nguyen et al. [79], CNN based motion
detection method was performed to classify smoke and non-smoke scenes from video
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stream. The model composed of three step algorithms. First, determining the candidate
regions by using Mixture of Gaussian (MOG) Background Modeling for detection
background pixel changes. Then images were classified as smoke and non-smoke by
using cascade model which compounds of multiple smoke classifiers. Final step is
temporal analyses of video streams where history of image frames is examined over time
for video based smoke classification. Their method achieved to tackle 40 frames per
second (fps) and then smoke is detected between 3 to 10 s. For the capturing spatio-
temporal features in a video, two-stage Deep Convolutional Generative Adversial
Network (DCGAN) model by using motion-based transformation as a pre-processing was
proposed by Aslan et al. [80]. True negative rate and true positive rate of the system were
obtained as 99.45% and 86.23%, respectively. Yang and Sun [81] performed a DenseNet
[51] based method. After extraction of features by using GMM related to motion and
color of smoke, the model was trained helping with DenseNet The method achieved
99.27% accuracy rate on the public dataset. Shi et al. [82] proposed two-module method
for smoke detection in a video. The first module uses an optical flow estimator and the
LBP to extract features, which are then sent to the MobilNetv2 network. They have also
conducted case studies by using three dataset. In recently, Pan et al. [83] and Pan et al.
[84] proposed a transfer learning based method with MobileNetv2 backbone by using
image blocks which down sampling the high resolution images to prevent the information
loss depends on the small size of images. They reported as the model has sufficiently
good results on the day and night forest fire videos.

RNN can be utilize to capture the dynamic behavior of smoke. LSTM is a type of
RNN model that overcomes the vanishing gradient problem of RNN. Lin et al. [16],
developed a joint detection framework that uses region based CNN (RCNN) and 3D CNN
for smoke detection on video sequences. Qiang et al. [17] proposed a new feature
extraction method based on VGG network which possess spatial (static) and time
(dynamic) stream. VGG and Bi-Long Short-Term Memory (BLSTM) are used to extract
static and dynamic features, respectively. Finally the two sets of features are fused to
achieve higher forest fire smoke detection performance. Hu et al. [78] proposed a method
that combining of Deep Convolutional Long-Recurrent Networks (DCLRN) and optical
flow for real time smoke and flame detection from video in outdoor scene. The method
was used spatial and sequence learning by using CNN and deep LSTM model together
where the CNN extracts the features from optical flows of consecutive frames, and

temporally accumulated in an LSTM network. They achieved good accuracy and
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dependability in the detection and identification of fire monitoring videos. Kim and Lee
[85] proposed a DL based method that uses Faster RCNN to extract the spatial features
from video sequences of the suspected regions of fire (SRoFs) and non-fire. The extracted
features were accumulated by LSTM for the temporal information and the final video
classification was performed as smoke and fire. They achieve high detection accuracy
and low FAR. Yu Zhao et al. [86] proposed a Deep Gated Recurrent Unit (GRU) based
model is proposed to detect the forest fires at early stage by using GOES-R satellite time
series data. The model was implemented as a 6-level architecture, which consists of 5
GRU layers with many-to-many architecture and one level of Dense network to generate

the output. They obtained good detection accuracy and lower FAR.
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Chapter 3

Deep Learning Models for Smoke

Classification

In this section, | investigated state-of-the-art deep learning CNN architectures and
effect of image dehazing for smoke detection on our created dataset. For this purpose, we
used pre-trained fine-tuned CNN structures. Most popular of current classification based
smoke detection systems focus on distinguish between smokes and other moving objects.
Moreover, environmental conditions determines the shape and motions of the smoke.

Thus, classification and detection of smoke is very hard and crucial task.

3.1 Transfer Learning for Smoke Classification

Transfer learning, the method that we preferred does not require extremely large
training dataset and computational power. In transfer learning, a pre-trained
Convolutional Neural Network is used for feature extractor. Fine-tuning is a type of
transfer learning. Applying to fine-tuning to deep CNN models that have already been
trained on ImageNet database. Applying fine-tuning to the model causes the building of

a new fully-connected head which places top of the original architecture.

23



ImageNet Database
| N CNN Structure

e

(//—

7 Learned » LlOOO Image Classesw
ﬁ / » Features )
N

/

Smoke/Non-Smoke
Crlassificatiron

Smoke/Non-Smoke
Database

ey

Pre-trained Fine-Tune
CNN Structure ~ Network Weights

- (=

\_Non-Smoke /

Figure 3.5. Transfer Learning Structure for adapting Smoke/Non-Smoke
classification.

3.1.1 Smoke Classification Dataset Preparation

For the experiments, VisiFire [87] dataset was used in the training and test process.
A total of 50 Smoke/Non-Smoke videos were selected from the dataset; 33 videos for
training, 5 for validation and 12 for testing. We extracted the images from these videos
and the Smoke/Non-Smoke dataset was created as a balanced dataset. Extracted images
were chose as clearly indicated that smoke and Non-Smoke images in video frames. These
images were selected manually for categorization of classes. Totally we used 4,631
images for training, 518 for validation and 802 for the test. These datasets is made

publicly available for research community (https://github.com/eem-merve/Smoke-

Segmentation-Dataset). Sample frames from this dataset are shown in Figure 3.2 and

Figure 3.3.
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TEKKETEFE 1 - IZNIR  10-05-2009 11:35:40

Figure 3.6. Some sample images of our smoke dataset obtained by extracting
images from the video.

YAMANLAR 1 - IZMIR TEXKETEPE 1 - IZHIR  16-65-2009 11:25:50

Marmoris Tansas 28-11-2008 1423551

Figure 3.7. Some sample images of our non-smoke dataset obtained by extracting
images from the video.

3.1.2 Fine Tune Network

In this thesis, we used AlexNet [46], VGG16 [47], ResNet50 [50], EfficientNetBO
and EfficientNetB1 for the smoke detection in images. ResNet50, VGGI16,
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EfficientNetBO image classification networks require 224x224x3 size images while
AlexNet and EfficientNet [88] network requires 227x227x3 and 240x240x3 image size
for network training, respectively. However the extracted images from the videos have
different image sizes. Thus, we cropped the dataset images as 224x224x3, 227x227x3
and 240x240x3 image size according to using classification models. For fine tuning
process, state-of-the-arts deep learning classification networks are modified and then
networks are re-trained. When removing the original FC layers end of the network and
then place it with new fully connected head. These new FC layers can be fine-tuned to
our classification dataset. After that network is trained for two classes as smoke/non-
smoke classification. All classification steps that fine-tuned CNN networks on our

prepared dataset are shown in Figure 3.4.
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Figure 3.8. Overall network architecture for classification task. First step is dataset

preparation from the videos. Second step is classification process via fine-tuned
CNN network.
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There are EfficientNet variants called BO to B7. We also used these variants for the
classification task on our dataset. We obtained good results in terms of classification
accuracies with the B0 and B1. These models need to small size of input resolution during
network training. BO and B1 require input resolutions of 224 by 224 and 240 by 240,
respectively. Other variants did not give successful results in terms of performance

metrics in comparison to alternative classification models.

3.1.3 Performance Metrics for Smoke Classification

Precision, F1 score, and recall were used as performance metrics for the evaluation
of smoke classification system. When a smoke formation is detected according to ground
truth by the smoke classification system; it was considered as a true positive (TP) output.
In the case that the smoke classification system identifies the smoke that does not match
the ground truth, it is considered as a false positive (FP) output. Detection of the non-
smoke in the video frame is regarded as a true negative (TN), whereas no detection of
non-smoke in the video is regarded as a false negative (FN). Precision, recall and F1 score

are formulated as:

Precision (P) = TPTfFP (3.1)
Recall (R) = —— (3.2)
F1 score = Z;ZR (3.3)

Another evaluation metric is False Alarm Rate (FAR) to demonstrate the efficiency
of pre-processing method. FAR is calculated as the ratio of total number of FP images to
the total number of non-smoke images (NS) used for smoke/non-smoke images

classification task. FAR is calculated by using Eq. 3.4.

FAR =2 x 100 (3.4)
NS
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Table 3.1 is obtained when using performance metrics such as P, R, F1 score. All

networks are based on fine-tuned CNN network. These results are obtained on 802 test

image samples in our Smoke/Non-Smoke dataset.

Table 3.1 Comparison of different classification models performance metrics on our

dataset.
Methods Precision Recall F1 score
AlexNet 0.79 0.75 0.75
VGG-16 0.88 0.86 0.86
ResNet50 0.92 0.90 0.90
EfficientNetBO 0.94 0.93 0.93
EfficientNetB1 0.98 0.97 0.97

Table 3.1 shows precision, recall and F1 score measures of the smoke classification

models evaluated on our dataset. Based on this table, the best performing model is

obtained as the EfficientNet. EfficientNet is achieved 97% accuracy when fine-tuned

network for 2 classes classification task.
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Figure 3.68. Classification models training accuracy and loss plots.
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During the training process, accuracy and loss plots from the classification model
are shown in Figure 3.5. These plots show that the training is performed successfully,
where both training and validation loss curves saturate to their minima and the validation
and training accuracies are close to each other, which indicates that there is no significant
overfitting.

Table 3.2 shows the hyperparameters for the fine-tuned CNN classification
structures. According to Table 3.2, we added GlobalMax Pooling, dropout (rate=0.2),
batch normalization, fully connected layer to classify the smoke and non-smoke images
when we used EfficientNet and also we used binary cross entropy as a loss function and
Adam optimizer with 0.0001 learning rate in the training. Input image size is 224x224
and 240x240 to train the fine-tuned EfficientNetBO and EfficientNetB1 CNN
architectures, respectively. For AlexNet, we added fully-connected layer with L2 kernel
regularization (L2=2e-4), batch normalization, dropout (rate=0.5), fully-connected, batch
normalization, dropout (rate=0.5) and the final fully-connected layer to classify the
smoke/non-smoke images. Input size is resized as 227x227 to train AlexNet. For the fine-
tuned VGG16 model, we added fully-connected, dropout (rate=0.2) and final fully-
connected layer. In the fine-tuned ResNet50 model, we added Average Pooling, fully-
connected, dropout (rate=0.5) and final fully-connected for smoke/non-smoke
classification. Moreover, we applied the early stopping (patience=10) regularization

techniques for all models to prevent overfitting.

Table 3.2 Hyperparameters of the classification methods.

Input I Learning Batch - .
Model Image Size Optimizer Rate Size Regularization Techniques
Droput, Batch
AlexNet 227x227 Adam le-3 32 Normalization, L2 Kernel
Regularizer, Early Stopping
VGG-16 224x224 Adam le-4 32 Dropout, Early Stopping
ResNet-50 224x224 Adam le-4 32 Dropout, Early Stopping
Dropout, Batch
EfficientNetB0 224x224 Adam le-4 32 Normalization, Early
Stopping
Dropout, Batch
EfficientNetB1 240x240 Adam le-4 32 Normalization, Early
Stopping
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3.2 Transformer Based Image Classification Models

Transformers have great success for Natural Language Processing tasks. After
improving transformer, transformers are used for image classification. The advantages of
using Transformer based classification are that extraction of more powerful features by
using attention mechanism. Such architectures are called as Vision Transformers (ViT)
[89] . The ViT model works with self-attention mechanism instead of convolutional

layers.

3.2.1 Vision Transformer Based Smoke Classification

Vision transformer (ViT) divides the images into visual tokens and splits an images
into the fixed size of patches. These patches are linearly embedded and position embedding
are added for input of Transformer encoder. ViT regards image patches as word, then it
reaches embeddings of the patches to the transformer.

VIT achieves competitive performance such as ImageNet and CIFAR100 compare
to CNN [89]. Results are even further improved when applied to larger datasets, where
ViT was able to achieve similar results or beat CNNs in some benchmarks.

Transformer Encoder }
Patch + Position
> o 4
Embedding @ m [g ' a' .

Linear Projection of Flattened Patches

I \
Prfsl-

* Extra learnable
[class] embedding [

Figure 3.9. Vision Transformer Architecture [89].
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The 2D images divided into N pathes of size PxP. In the embedding stage of the
VIT, each patch is flattened and linearly transformer into D dimention vector. Since a 2D
position embedding based on x,y coordinate wasn’t useful to the model the position is
generated as a single value. The process over convert’s image patches into tokens. The
token input process is identical to standard NLP tasks. Thus, there is no modification
encoder transformer model. The research suggests a hybrid approach that feeds CNN-
generated feature maps rather than the original raw image. In this study VIT was used to
detect of two classes as smoke and non-smoke. First images were resized 72x72 pixels
size and patch size was selected during to training process Adam W optimizer with 1e-3

learning rate binary cross entropy was preferred as a loss function for two classes.

3.2.2 Shifted Windows Transformer Based Smoke Classification

Shifted windows (Swin) transformers [90] are hierarchical new vision transformer.
Swin transformers work on two concepts that are hierarchical feature maps and shifted
window attention. Hierarchically extraction of the feature maps and overall structure of
Swin transformers are shown in Figure 3.7 and Figure 3.8, respectively.

segmentation o
classification detection ... classification

L iy S e 4%
Yo

a) Swin Transformer b) ViT

Figure 3.10. Comparison of Swin Transformer and ViT in terms of working
principle.

Hierarchical structure are obtained with downsampling of the feature maps from one
layer to another while ViT utilizes single feature maps in its architecture. Swin

Transformer can also be used in segmentation tasks due to the hierarchical structure.
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Figure 3.11. Swin Transformer Architecture [90].

Swin transformer divided into RGB images with non-overlapping patches. Each
patch is considered a “token” with its features set to be concatenation of the RGB values
of the individual pixels.

In Swin transformer, downsampling of feature maps are performed by using patch
merging while CNN structure uses convolution operation for the downsampling. In the
patch merging process, first input images are divided into the groups. Patches are stacked
deep-wisely in each group and then, stacked groups are combined.

Swin transformer blocks used a window mutihead self-attention module (W-MSA)
and shifted window MSA (SW-MSA) instead of standard mutihead self-attention module
in VIT. In standard MSA has some problem on the high resolution images. This issue is
addressed with Swin Transformer by using W-MSA.. Yet, restricting self-attention to each
window leads to limit modeling power of the network. To solve this issue, SW-MSA is
used after the W-MSA.

In recently, Swin transformers broadly is utilized for classification and detection
tasks due to the structures that have hierarchical feature maps and shifted window MSA.

Table 3.3 demonstrated that comparison of Transformer based classification models

performance. According to the Table, Swin Transformer based smoke/non-smoke

classifier achieved better performances than Vision Transformer.
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Table 3.3 Comparison of Transformer based classification models performance
metrics on our dataset.

Methods Precision Recall F1 score
Vision Transformer 0.72 0.73 0.72
Swin Transformer 0.76 0.75 0.76

3.3 Image Dehazing Method

There are several hazy conditions involved when video data is used to detect fire
formation such as fog and smoke particles in the atmosphere that absorb and scatter the
light [91]. These effects obscure the view of the camera and cause significant degradations
in the image quality. Based on the atmospheric scattering model, an image in hazy scene
mainly consist of two parts including attenuation and scattering process shown in Figure
3.9. The first part is the attenuation process which is reflected light from the object surface
to the camera. The second part is the scattering of air-light reaching the camera. These

two parts establish the theoretical basis of hazy images.

Light source

Figure 3.12. Hazy image formation process [92].

In the field of computer vision, a hazy image can be expressed in Eq. (3.5), which

is derived based on the scattering model.
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I1(x) =J(x)t(x) + A(1 — t(x)) (3.5)

where x is the distance coordinate, I(x) is the hazy image, J(x) is the hazy free
image, A is the atmospheric light and ¢t (x) is the science transmittance i.e. the portion of
sunshine that does not scatter and reaches directly to the camera. Moreover, the terms of
J(x)t(x) and A(1 — t(x)) indicate that direct attenuation and air-light, respectively. The

science transmission is defined in Eq. (3.6).

t(x) = e~Fd® (3.6)

where S is the scattering factor and d(x) is the depth of pixel x. Eq. (3.5) and Eq.
(3.6) are used to obtain direct transmission and airlight, respectively. The purpose of

image dehazing methods is to recover J(x) from I(x) [93, 94].

3.3.1 Image Dehazing Model Selection

There are several image dehazing studies in the literature [93, 95-100]. We
compared three dehazing methods proposed in Meng et al. [95], Li et al. [99], and Mondal
et al. [93] in terms of peak signal-to-noise ratio (PSNR) and structural index similarity
(SSIM), which are widely used for image quality [101]. We first obtained hazy samples
by synthetically adding haze to a set of clear samples selected from our dataset. To
achieve this, we used Foggy and Hazy Image Simulator (FoHIS) [102] to obtain the hazy
images starting from clear images, which serve as a ground truth for their hazy
counterparts.

We then used these methods as proposed in [95], [99], and [93] to remove the haze
from the images. Figure 3.10 shows average PSNR and SSIM results of these methods,

which are computed by comparing dehazed images to their clear versions.
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Figure 3.13. PSNR and SSIM comparison of three image dehazing methods. a)
Average PSNR and b) Average SSIM are obtained using image samples from our
dataset.

Based on this figure, the FCN based image dehazing method proposed in Mondal
et al. [93] performs better than the other two methods for image dehazing task since higher
PSNR and SSIM values mean that the dehazed images are on average closer to the
reference haze-free images. According to test results, we utilized a FCN based image
dehazing method [93].

3.3.2 Effects of Image Dehazing Method on Dataset Images

Image dehazing is a fog removal strategy as a pre-processing method to eliminate
fog from the input images. Figure 3.11 shows the sample dataset images in the
smoke/non-smoke database and the output images of the image dehazing model with
improved quality. First row presents the original dataset images and the second row
presents the dehazed counterparts. In the training process, these images were used as the

input for smoke detection system.
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Figure 3.14. First row demonstrates three original dataset images in the
smoke/non-smoke database, and the second row indicates their dehazed
counterparts.

Figure 3.12 presents our architectures that combine image dehazing with smoke
classification. Classified smoke/non-smoke images are the output images of the network

as presented in Figure 3.12.
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Smoke/Nonsmoke Classification with Image Dehazing
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Figure 3.15. Steps of our classification method. Haze-free images are used as input
for classification models to obtain smoke classification outputs.

Table 3.4 denotes the smoke classification performances of different classification
methods with and without dehazing applied. Based on these results, the smoke
classification performance is improved for all classifiers and for all metrics when
dehazing is performed as a pre-processing step.

For the smoke classification task, the best results are achieved by the EfficientNet
model when input images are dehazed. The amount of the improvements are ~4% in
Precision, 5% in Recall, 5% in F1 score.
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Table 3.4 The effect of image dehazing on smoke classification. Image dehazing

improves the smoke classification metrics for all architectures.

Methods Precision Recall F1 score FAR

AlexNet 0.79 0.75 0.75 0.21

AlexNet w/dehazing 0.83 0.81 0.81 0.17
VGG-16 0.88 0.86 0.86 0.12
VGG-16 w/dehazing 0.93 0.92 0.92 0.07
ResNet50 0.92 0.90 0.90 0.08
ResNet50 w/dehazing 0.94 0.93 0.93 0.06
EfficientNetB0O 0.94 0.93 0.93 0.06
EfficientNetB0 w/dehazing 0.98 0.97 0.97 0.02
EfficientNetB1 0.98 0.97 0.98 0.02
EfficientNetB1 w/dehazing 0.99 0.98 0.99 0.01
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Chapter 4

Deep Learning Models for Smoke
Detection and Segmentation

After smoke classification, smoke detection and segmentation tasks were
performed on our created dataset, respectively. Single Shot Detector (SSD) [103], You
Only Look Once (YOLO) [64] and Faster Regional CNN [66] object detectors were used
for smoke detection task which are the most commonly used architecture for object
detection and also Mask RCNN was used for segmentation of smoke in an image.

4.1 Smoke Detection

SSD, YOLO and Faster RCNN were successfully applied for object detection task
in literature. We employed these three object detection structures to detect the smoke in
an image. SSD with MobileNetv2 backbone, YOLOVS and Faster RCNN with ResNet50

and ResNet101 backbones were implemented on our dataset.

4.1.1 Smoke Segmentation Dataset Preparation

VisiFire [87] dataset was used in the training and test process. A total of 38 smoke
videos were selected from the dataset; 24 videos for training, 4 for validation and 10 for
testing. We created a new smoke detection and segmentation dataset using a subset of our
classification dataset. We have chosen 429, 50 and then 50 smoke images for training and
for test and validation set, respectively. Figure 4.1 demonstrates that some smoke video
samples to create the dataset for object detection task. The created dataset images were

extracted from these videos.
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testpos04.820.avi testpos08.824.avi testpos09.825.avi testpos10.826.avi

Figure 4.16. Some sample videos for smoke detection task.

We applied image labelling process as a rectangular shape for object detection.
After the labeling, we export bounding box coordinates of smoke parts in image. These
coordinates saved as “COCO JSON” format to use in training phase. We used the
Detectron 2, a software powered by the Pytorch framework, containing many backbone
structures and faster training process. Also we used ResNet50-FPN and ResNet101-FPN
backbones with Faster RCNN, SSD with MobileNetv2 and YOLOVS5 to detect the smoke

in image. Image labelling process is shown in Figure 4.2.

Figure 4.17. Image labelling process for object detection task.
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4.1.2 Smoke Detection Models

Smoke detection is more challenging task compare to smoke classification. Smoke
detection task includes smoke classification. In image classification task, class is
predicted for an object in an image. In object localization, localization of object is
determined and this is indicated its localization with bounding boxes in an image. The
presence of object is located with bounding boxes and also it shows relevant class in an
image when the use of object detection method. In the another computer vision task which
is called object segmentation, instance of recognized objects are indicated by highlighting
specific pixels of the object instead of bounding boxes. Figure 4.3 demonstrates that steps

of smoke detection and segmentation tasks.
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Figure 4.18. Overview of smoke recognition task.

In this part; SSD with MobileNetv2 backbone, Faster RCNN with ResNet50 and
ResNet101 backbones and YOLOV5 object detectors are used to detect the smoke in an

image. Figure 4.4 demonstrates that the stages of smoke detection task when using most
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popular object detectors. After the training process, smokes were detected with their

detection probabilities on our test images.

Object
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Figure 4.19. Smoke detection task when using different object detector structures

on our dataset.

4.1.2.1 Single Shot Detector (SSD) Based Smoke Detection

Single Shot Detector (SSD) is designed for object detection task. SSD network
works as 2 stages during the detection of objects. First stage is extraction of feature maps
after that second stage is applying convolutional filters to detect the objects. SSD uses
VGG16 network for extraction of feature maps. After the extraction of feature maps, SSD

applies 3x3 convolution filters for each cell to compute both location and class scores. In
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the following step, SSD uses Non-Maximum Suppression (NMS) to eliminate the
redundant predictions pointing to the same object. Figure 4.4 shows that SSD network
architecture with smoke detection stages. SSD architecture frequently uses the single
feed-forward convolutional network. This network generates a fixed-size collection of
bounding boxes and scores for the presence of object class instances in those boxes to

precisely estimate classes and region box (anchor) offset without second step per proposal

classification operation [104].

SSD Smoke Detector
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NMS
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Figure 4.20. SSD architecture for smoke detection.

In this thesis, SSD object detection scheme with MobileNetv2 backbone was
implemented to detect smoke in an image. Number of epoch was selected 30.000
iterations, batch normalization and 12 regularize were used for regularization techniques
and sigmoid function were also used for the final scores due to our segmentation task is

detection of only 1 class.
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4.1.2.2 You Only Look Once (YOLO) Based Smoke Detection

One of the another object detection method is YOLO which initially proposed by
Redmon et al. [64]. The latest form YOLOv5 was developed by Ultralytics is fast, easy
to train and has high accuracy compare to other YOLO models. Yolov5 is single-stage
object detector and consists of 3 parts. These parts are model backbone, neck and head.
Model backbone is used for feature extraction of input image. Model neck is comprised
feature pyramid network (FPN) [105] which uses to detect same object with different
scales and sizes. The last part is model head that employs anchor boxes on features.

Consequently, final output is obtained by using bounding boxes with a class score.
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Figure 4.21. YOLOV5 architecture for smoke detection.

YOLO and its several versions are famous object detection structure. YOLO has

many advantages such as easy to implement and can train the entire image directly. Thus,
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YOLO has grown steadily [106]. YOLO performs better performance in terms of

processing time because it does not use a separate network to extract candidate regions.

4.1.2.3 Faster Regional CNN Based Smoke Detection

Region based CNN detection methods are one of the first large and successful
application of CNNs for object localization, detection, and segmentation. RCNN
structures mainly consist of three components. These are region proposal network (RPN),
feature extractor and classifier. In the region proposal module, region proposals are
generated and extracted. In feature extraction module, features that each candidate region
comes from region proposal module are extracted by using CNN. Final step is
classification of features by using preferred classifier model. Faster RCNN has achieved
good detection performance on Microsoft COCO [107] and Pascal VOC dataset.
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Figure 4.22. Faster RCNN architecture for smoke detection.
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In faster RCNN, the input image passes through the convolution layer and feature
maps are extracted. Then, a sliding window is used in RPN for each location over the
feature map. Anchor boxes (default bounding boxes) are used to generate region
proposals for each location. The output of RPN is a set of rectangular object proposals
that have a probability of containing the objects of interest. Bounding box labels that are
assigned to the boxes and their probabilities (objectiveness score) for each label and box
are obtained. After RPN, different size proposed regions are found. Thus, ROI pooling
solves the problem by scaling down the feature maps into the same size. Classifier layer
determines the output of the system regardless of the presence of an object and the
regression layer outputs for the box coordinates (box center coordinates, width and
height). In this layer, regression is calculated while comparing the estimated bounding
and the ground truth boxes [104] in Figure 4.7.

In the literature, Faster RCNN smoke detector is mostly used for detection of
smoke/fire in an image. Faster RCNN has good detection performance to detect the
smoke/fire. Thus, Faster RCNN based smoke detectors can be used for early detection of
smoke in applications because of system performance and high accuracy rate.

In my experiment based on Faster RCNN with ResNet50 and ResNet101 backbones
on Detectron2 [108] platform is performed to detect smokes. These backbones are used
as a top-down structure called Feature Pyramid Network (FPN) [105]. FPN improves the
standard feature extraction pyramid by adding a second pyramid that takes the high level
features from the first pyramid and passes them down to lower layers. This approach

allows features at every level to have access to both, lower and higher levels.

4.1.3 Performance Metrics for Smoke Detection Models

In the following equations, the TP, FP, and FN here are defined for the object
detection task (i.e. smoke detection task) and are different from the TP, FP and FN defined
for smoke classification task. For detection task, smoke detection system correctly
identified the smoke according to the ground truth, it was regarded as a true positive (TP).
In the false positive (FP) case, the system detected the smoke that did not match the
ground truth. When the system did not detect the smoke in the video frame, it was
regarded as a false negative (FN). There were no true negatives (TN), since there were no

frames that did not include any smoke.
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TP

Precision (P) = pre (4.1)
Recall (R) = TPZPFN 4.2)
F1 score = Z;i;R (4.3)

In Table 4.1, performance of smoke detectors were compared on our created
dataset. Results show that Faster RCNN based smoke detector was more successful in
terms of F1 score according to other detectors. YOLOvV5 and Faster RCNN ResNet50-
FPN have high Precision value that means all predictions are true. However, these
detectors have weakness on prediction of some smoke images that means FN rate is high.

Thus, Recall value is lower than Faster RCNN ResNet101-FPN.

Table 4.5 Comparison of smoke detection results on our dataset.

Detection Models P R F1
SSD MobileNetVv2 0.760 0.527 0.623
YOLOvV5 1.000 0.667 0.800
Faster RCNN ResNet50-FPN 1.000 0.833 0.909
Faster RCNN ResNet101-FPN 0.892 0.983 0.935

4.2 Smoke Segmentation

Mask RCNN [109] is one of the best instance segmentation model. It detects the
target in an image and also gives the predicted mask for each detected target. Mask RCNN
is extended on the basis Faster RCNN and adds a new branch to obtain segmentation

masks. The detailed framework of Mask RCNN is demonstrated in Figure 4.8.
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Figure 4.23. Mask RCNN architecture for smoke segmentation.

For smoke segmentation task, Mask RCNN with ResNet50-FPN/ResNet101-FPN
backbones were used. Mask RCNN instance segmentation model with ResNet50 and
ResNet101 backbones were implemented on Detectron2 platform to detect smokes. Using
dataset was the same dataset in object detection task and also images in the dataset were
resized as 800x1024 pixel size.

Image labelling process is applied as a polygon shape for instance segmentation.
Labelled data was converted to the Creating Common Objects in Context (COCO)
annotation format that is widely used by the instance segmentation and object detection
community. A total of 1,511 instances were used during the training and testing process.

Image labelling process is shown in Figure 4.9.

Figure 4.24. Image labelling process for instance segmentation
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4.2.1 Performance Metrics for Smoke Segmentation

Intersection over Union (loU) and Average Precision (AP) were used to evaluate the
smoke segmentation system. Supporting metric called as Intersection over Union (loU) is
also required in order to determine the validity of a detection (predicted mask). In object
detection systems, loU is calculated as the area of intersection over union between

the ground-truth mask and the predicted mask as shown in Figure 4.10.

Prediction N Ground Truth

loU =

Prediction U Ground Truth

Figure 4.25. Intersection over Union (loU) visual representation.

Intersection over Union (loU), which is also called as the Jaccard index is defined
as the size (i.e. the number of pixels) of the intersection divided by the size of the union
between predicted box (region A) and its corresponding ground truth (region B) in Eq. 4.4
and Eq. 4.5. When the loU value is bigger than the threshold, a prediction is regarded as

True Positive (TP), otherwise it is regarded as False Positive (FP).

|ANB|

](A’B) = |AUB| (44)
_ lanB|
J(4,B) = |A|+|B|-|ANB| (4.5)
In addition, loU can also be defined in terms of TP, FP and FN in Eq. (4.6).
JoU = —2 (4.6)
TP+FP+FN
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| used ResNet50-FPN and ResNet101-FPN as the feature extractor backbone.
Standard COCO metrics including AP (Average Precision), APso and AP7s are used to
evaluate the model. The performance of the object detection and localization algorithm is
evaluated by a metric called Average Precision. AP, which is calculated with the help of
several other metrics such as loU, confusion matrix (TP, FP, FN), precision and recall.
When the AP is computed at a single loU of 0.50 and a single loU of 0.75, these
correspond to the metrics AP50, and AP75, respectively.

Precision-Recall
Curve

Average
Precision

Figure 4.26. Calculation of Average Precision for one class.

AP is calculated from precision-recall curve. The Pascal VOC Challenge uses an
11-point interpolation. The recalls are divided into 11 points (0 to 1 with a step size of
0.1) and the value of precision at each recall point is calculated. AP is calculated as the

average at these points in Eq. (4.7).

. 1
Average Precision (AP) = HZRE(0,0.l,O.Z,.....,l) Pinterp(R) 4.7)
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where R i.e. recall takes on 11 values, and P;,,¢., (R) is the interpolated precision at

R values. In the Figure 4.11, we demonstrate that calculation of average precision as a

graphical version for smoke segmentation task.

Table 4.2 Smoke segmentation results for different backbones on the Mask RCNN

structure.
Backbones Type AP % AP50 % AP75 %
Box 52.13 86.62 58.81
ResNet50-FPN Mask 47.14 83.29 49.49
Box 54.56 92.24 59.09
ResNet101-FPN
Mask 49.34 90.45 50.61

Table 4.2 shows smoke detection performances of ResNet50-FPN and
ResNet101-FPN on our created dataset.

4.2.2 Effects of Image Dehazing on Smoke Segmentation

Image dehazing method obtains clear image which is important technique to
improve the system performance in computer vision community. Thus, effects of image
dehazing were investigated on smoke segmentation method as well. For this purpose,
smoke segmentation system was trained by using dataset images and their dehazed
counterparts together as system input. After that results were compared to the same test
set. Figure 4.11 indicates that Mask RCNN implementation steps to demonstrate the
effects of image dehazing. Two approaches are implemented for smoke segmentation
depending on what is used as input images. Figure 4.11 (a) shows that smoke detection
is performed with the Mask RCNN using extracted images from videos in the dataset.
Figure 4.11 (b) shows that both the images and their dehazed counterparts were used

together for system input during the training process.
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Figure 4.27. The Mask RCNN architecture is implemented in two ways. a) Foggy

images are used as input for the system without the pre-processing method. b)

Foggy images and their dehazed counterparts (haze-free images) are used as input

for the system.
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Table 4.3 shows smoke detection performances of ResNet50-FPN and
ResNet101-FPN with and without dehazing applied as the pre-processing method. In
this table, ResNet50-FPN and ResNet101-FPN represent segmentation methods without
pre-processing applied and the ResNet50-FPN w/dehazing and ResNet101-FPN

w/dehazing represent method with pre-processing applied.

Table 4.3 Smoke segmentation results with and without dehazing approach for
different backbones on the Mask RCNN structure.

Backbones Type AP % AP50 % AP75 %
Box 52.13 86.62 58.81
ResNet50-FPN Mask 47.14 83.29 49.49
ResNet50-FPN Box 54.67 90.82 67.95
w/dehazing Mask 48.30 85.22 56.98
Box 54.56 92.24 59.09
ResNet101-FPN
Mask 49.34 90.45 50.61
ResNet101-FPN Box 60.22 93.87 76.11
w/dehazing Mask 50.15 93.07 57.47

Table 4.3 indicates that the smoke detection performances in terms of AP, AP50
and AP75 with pre-processing yields, better results compared to case without pre-
processing using the Mask RCNN smoke localization architectures with ResNet50-FPN
and ResNet101-FPN backbones. For smoke localization task, we obtained ~6% and 1%
improvements in terms of box AP and mask AP, respectively. In addition, each accuracy
metric best performing results are highlighted in Table 4.3.

We investigated the influence of image dehazing method on wildfire smoke
detection. We have implemented fully convolutional neural network based image
dehazing method as a pre-processing approach from surveillance images extracted from
video inputs. Our experimental results indicate that our approach gives significantly better
performance increasing the accuracy for both smoke classification (in Chapter 3) and

detection tasks. We compared our results based on pre-processing approach for the
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common classification and object detection methods and also Mask RCNN segmentation
with two different backbones (ResNet50 and ResNet101). Gathered data indicates that
the removal of haze from images before the training process yields a better outcome in

terms of smoke classification and localization accuracy.
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Chapter 5

Early Detection of Forest Fires from
Video

CNN based detection approaches have excellent performances on generic visual
detection tasks. Moreover, CNN based approaches mainly focus on images for detection
of smoke or fire. However, video based detection methods should determine both spatial
and temporal information. A video comprise of ordered sequence of frames. Each frame
and ordered sequence contains spatial and temporal information, respectively. Recurrent
Neural Networks (RNN) is utilized with sequence data and their output depends on
previous steps output. RNN has a memory in which all information about the
computations in the system is recalled. In the CNN networks, inputs and output
independent from each other while RNN structure uses input information to obtain output.

In this thesis, GRU and LSTM [110] action recognition from video techniques with
CNN structures which are commonly used in literature were performed together to detect
the smoke in a video. The system consist of two parts. In the first step, CNN feature
extraction process is used for spatial information while RNN utilizes for the temporal

information in the second step.
5.1 Dataset Preparation for Video Smoke Detection

VisiFire [87] dataset was used in the training and test process. A total of 64 smoke
and non-smoke videos were selected from the dataset; 38 videos for training, 11 for
validation and 15 for testing. A total of 1000 sub-videos were obtained from dataset
videos. First of all, the main videos were divided into sub-videos that each video includes
between 40-50 frames. This prosess was performed in order to remove the parts that did
not contain smoke from the smoke videos. Dataset was arranged like UCF101 [111]
action recognition dataset. After that the dataset was arranged as two classes which are

smoke and non-smoke.
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Figure 5.28. Some samples from our created video smoke/non-smoke dataset.

Dataset made up with 405 videos and 413 videos for non-smoke and smoke class,
respectively. The dataset was arranged 70% training set, %10 validation and %20 test set
in the final step. Figure 5.1 shows that some samples of our created dataset.

5.2 Recurrent Neural Network Based Video Smoke

Detection Methods

5.2.1 CNN Feature Extraction

A CNN architecture is utilized to extract spatial features from video sequences.
GoogLeNet [49] Inception v3 is a widely-used image recognition model on the ImageNet
[112] dataset. Thus, Inception v3 pre-trained on ImageNet was preferred as a transfer
learning. Inception v3 network stacks 11 inception modules where each module consists
of pooling layers and convolutional filters with rectified linear units as activation
function. The final pooling layer treats as a feature extractor when the fully connected

(FC) layers remove from the end of Inception v3 structure.
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Figure 5.29. Inception v3 Architecture.

Inception network was used to extract features from videos. After the extracted
features pass to a separate RNN. First, every frame from every video is run through
Inception, saving the output from the final pool layer of the network. Thus, the top
classification part of the network is cut off successfully so that 2,048 dimension vector of

features can pass to RNN.

5.2.2 Temporal Feature Learning

LSTM, also known as the Long Short Term Memory is an RNN architecture with
feedback connections, which enables it to perform or compute anything that a Turing
machine can. A single LSTM unit is composed of a cell, an input gate, an output gate and
a forget gate, which enables the cell to remember values for an arbitrary amount of time.

The gates control the flow of information in and out the LSTM cell.
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Figure 5.30. LSTM and GRU Structure.

The GRU, known as the Gated Recurrent Unit is an RNN architecture, which is
similar to LSTM units. The GRU comprises of the reset gate and the update gate instead
of the input, output and forget gate of the LSTM. The reset gate determines how to
combine the new input with the previous memory, and the update gate defines how much
of the previous memory to keep around. Gated recurrent unit (GRU) is improved to
resolve the vanishing gradient problem which come from with standard recurrent neural
networks (RNNs).

5.2.3 LSTM Based Smoke Detection Architecture

LSTM structure is used for temporal training in video based detection system. | also
used LSTM with CNN structure for smoke detection from video task. For this task,
extracted features by using Inception v3 served as input to LSTM blocks. Figure 5.4
demonstrates that our overall network architectural design for the video based smoke/non-

smoke classification task.
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Figure 5.31. Overall video smoke detection network design based on CNN-LSTM

Structure.

In this work, five stacked LSTM module, dropout, final dense layer and

classification layer were used. In the training process, Adam optimizer with 0.001 initial

learning rate, dropout regularization techniques with 40% dropout rate were used. Using

LSTM hyperparameters is shown in Table 5.1.

Table 5.6 Hyperparameters of the LSTM based video classification methods.

Initial ) o Regularization

] Batch Size Optimizer Epoch )
Learning Rate Techniques
Early stopping,
0.001 16 Adam 100 Y StoppIng

Dropout
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5.2.4 GRU Based Smoke Detection Architecture

GRU structure is also used for temporal training in video based detection system.
GRU based system is utilized same way to LSTM. Extracted meaningful features which
come from CNN network are used as input of GRU system. GRU network more speedier
than LSTM network in the training. As shown in Figure 5.5, The CNN-GRU network was

used to classify the smoke/non-smoke from video data.

Inception v3

Feature
vectors

Figure 5.32. Overall video smoke detection network design based on CNN-GRU

Structure.

In my work, I proposed five stacked GRU layers, then dropout and dense layer

(fully connected) was added to network. Final was classification layer and Sigmoid

function was used to predict the two classes.
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Table 5.2 Hyperparameters of the GRU based video classification methods.

Initial . o Regularization
] Batch Size Optimizer Epoch ]
Learning Rate Techniques

Early stopping,
0.001 16 Adam 100 y siopping

Dropout

During the training process, using the hyperparameters are shown in Table 5.2.

Early stopping and dropout (dropout rate : 40% ) were selected to prevent overfitting.

5.2.5 Hybrid Stacked GRU-LSTM Based Smoke Detection Architecture

In literature, GRU and LSTM architectures are mainly used to obtain
spatiotemporal information from video. There is not clear winner between these
architectures. These structures prefer according to working on the special task. Thus, |
proposed hybrid structure which includes GRU and LSTM together for the video smoke
detection. Proposed structure includes both GRU and LSTM network with CNN feature
extractor. Similarly, Inception v3 was used to extract the meaningful features from the
video frames. The extracted features were 2048x10 size for each video sequence due to
each sequence comprising of 10 frames. Then the sequence of extracted features were
passed through as input of the proposed hybrid structure. Figure 5.6 demonstrates the
proposed hybrid smoke detection from video structure. In this structure five GRU and
three LSTM blocks with two dropout layers were used to classify the smoke/non-smoke

from video.
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Figure 5.33. Proposed hybrid video smoke detection network design.

5.2.6 Performance Metrics for Evaluation of Video Smoke Detection
System

When the smoke classification system correctly identified a smoke according to the
ground truth, it was regarded as a true positive. In the false positive case, the system
detected the smoke that did not match the ground truth. When the system did not detect
the non-smoke in the video frame, it was regarded as a false negative. When the system

detect the non-smoke in the video frame, it was regarded as a true negative. Related
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formulas were given in Chapter 3. The overall accuracy was calculated by using in
Equation 5.1.

TP+TN

Accuracy = —————— (5.1)
TP+TN+FP+FN

According to the results in Table 5.4, the hybrid structure overall accuracy were
achieved 90.02%. The proposed hybrid structure was improved system performance with
decreasing in FP rate when the LSTM and GRU structures used together.

Table 5.3 Confusion Matrix belong to hybrid structure results.

Confusion Negative Positive
Matrix (predicted) (predicted)
Negative TN: 67 FP: 3
(actual)

Positive FN: 15 TP: 97
(actual)

Figure 5.7 demonstrates the results for video smoke detection. First row and second
row related to smoke and non-smoke test videos, respectively. Figure shows that correctly
prediction of smoke and non-smoke classes. All test videos comprising of between 40-50

frames. Predictions were obtained as an average predictions through every 10 frames.

ANLAR 2 - IZMIR 14-06-2009 17:24:

= Test

- . Test vig th: v_Smoke_g22_c18.avi

Test video path: v_Smoke_g27_ce2.avi e5nck:_€:9°;s_ Smoke_g22_c18.2

SWokes. Toa0K Nonsmoke: ©.05%
Nonsmoke: ©.84X

t video path: v_smoke_g16_ceS.avi
Smoke: §5.3e%

Nonsmoke: 14.70%

ANLAR 2 - IZMIR 14-06-2009 17:23:

est video path: v_Nonsmoke_giS_ces.avi
Nonsmoke: 57.08%
Smoke: 42.92%

Figure 5.34. Video smoke detection system results.
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Table 5.7 Comparison of all video based structures.

MODEL CNN-LSTM CNN-GRU CNN-LSTM-GRU
Accuracy (%) 0.860 0.879 0.900

Table 5.4 shows that comparison of the three methods for detection of smoke in a
video. According to results, hybrid model has better performance in terms of accuracy
than the other two methods. Thus, proposed hybrid structure is more convenient for our

task on created dataset.
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Chapter 6

Conclusions and Future Prospects

Thesis outcomes are evaluated in terms of system performance which based on

accuracy and false alarm rate.
6.1 Conclusions

This thesis has introduced many contributions for outdoor smoke detection tasks
such as smoke classification, detection-segmentation and smoke classification in video
sequences. We have introduced some methodologies such as dataset creating, fine-tuning,
pre-processing, and network design.

Three different datasets were created to utilize in the smoke detection methods and
the dataset was shared on internet so that the researchers work on the forest fire smoke
detection can use it. Image dehazing based pre-processing method was applied to the
dataset images to obtain clear images. These haze-free images were used in fine-tuned
state-of-the-art CNN classification structures as input. Pre-processing method was
improved system performance both smoke classification and detection/segmentation.
Gathered data indicates that the removal of haze from images before the training process
yielded a better outcome in terms of smoke classification and localization accuracy.
Removal of the fog from images provided higher accuracy for both the classification and
the segmentation tasks even when a small dataset is used.

Smoke detection from surveillance videos is a more challenging task than the image
based detection task due to the video streams that need to be analyzed for the spatio-
temporal information. We proposed a model that classifies the surveillance videos as
smoke and non-smoke. We utilized a hybrid structure that is a combination of CNN and
RNN to obtain of spatio-temporal information. The performance of designed hybrid
structure was determined to be more accurate as compared to the individual LSTM and
GRU models.
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The experimental results clearly indicate that the proposed methods achieve a high
smoke detection performance on forest fire image datasets. Proposed structures that are
conducted to our datasets achieved high accuracy rate and low false alarm rate.

Our approach is feasible for current and future smoke-related computer vision tasks
that are specifically prone to conditions of hazy environments. Researchers that work on
wildfire smoke detection can improve their systems if they employ the proposed method

presented in this thesis.

6.2 Societal Impact and Contribution to Global

Sustainability

Wildfires are a growing threat throughout the world and among the foremost
devastating natural disasters that can have immediate and long term effects on
environment and population, consequently an immense impact on global economy. This
thesis will help to reduce the adversarial effect of wildfires by developing an early forest
fire detection system that is fast, feasible, accurate, and versatile.

Forests are a part of life. Yet, fire can be fatal, burning buildings, forests, and habitat
while also contaminating the air with hazardous fumes to people's health. Carbon dioxide,
a significant greenhouse gas, is also released into the atmosphere by fire. Fire effects can
be long-lasting and are impacted by forest conditions prior to the fire as well as
management actions.

Moreover, commercially 50% of forests are for energy and 28% for construction;
only 13% is used for paper production, which is known as the most popular usage area.
Therefore, forests, beyond their environmental impact, have an important socio-economic
importance with the ecosystem services and wave effect they create, and it is critical that
they be sustainable.

In this point, developing an effective forest fire detection system at an early stage
benefit many problems such as global warming, greenhouse gas effects, drought and
degradation of air quality, ecosystem, biodiversity. Sustainable use of forests provides
shelter, fuel, medicine and other services for people who depend on this environment. It

is a habitat for all plants and animals and helps against climate change.
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This thesis is related to the fifteenth United Nation’s Sustainable Development Goal
titled “Life on Land”, and target (15.1) corresponds to conservation, “By 2020, ensure the
conservation, restoration and sustainable use of terrestrial and inland freshwater
ecosystems and their services, in particular forests, wetlands, mountains and drylands, in
line with obligations under international agreements”, determination of suitable forest fire
detection structure will contribute the this goal.

As the second target (15.2) is corresponds to “By 2020, promote the implementation
of sustainable management of all types of forests, halt deforestation, restore degraded
forests and substantially increase afforestation and reforestation globally”, our proposed
study support this goal.

As the second goal (13.1) is titled “Climate Action”, and corresponds to “Strengthen
resilience and adaptive capacity to climate-related hazards and natural disasters in all

countries”, the thesis will provide robust model for natural disasters like forest fires.
6.3 Future Prospects

The current work can be expanded by using suitable future research. In recent years,
natural language processing (NLP) based methods have been quite remarkable due to
their success. Some of them have also started to be used in image processing fields.

Several state-of-the-art fine-tuned CNN structures and transformer based
classification structures were implemented for the smoke detection tasks in this study.
NLP based structures can be implemented for smoke detection tasks such as Transformer
based models.

In this thesis, image dehazing based pre-processing techniques were presented to
obtain the clear dataset images. Therefore, different image pre-processing techniques can
be examined to improve the dataset.

This research supports an idea that design the hybrid structures. Other DL based
video smoke detection structures can be combined to improve the accuracy of fire safety

model.
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