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Abstract

Detecting the possibility of wildfires early can help individuals and organizations respond

appropriately and minimise the potential damage caused. This report investigates the use

of MobileNetV3 for predicting the occurrence of wildfires from satellite images that do

not contain visible wildfire spots. The paper delves into current research and highlights the

value of satellite imagery as a homogeneous data sources for wildfire prediction. A thorough

evaluation and comparison of MobileNetV3’s performance with larger, more complicated

models like ResNet50 and VGG19 is conducted. The findings demonstrate MobileNetV3’s

efficacy in balancing computational efficiency with predictive power, offering a lightweight

yet effective alternative to traditional models. By examining the potential of lightweight

neural networks in managing complex and difficult environmental data, this paper advances

wildfire prediction methodologies especially in resource constrained contexts.

This research focuses on a key challenge: developing a model designed to predict small

wildfires from satellite images that do not contain any visible wildfire spots. This is achieved

by training the model on a dataset comprising satellite images of areas where wildfires with

a small wildfire spot size just greater an 0.01 acres have occurred. Our approach addresses a

critical gap in wildfire management by focusing on predicting these small-scale fires without

needing heterogeneous data collection. The ability to predict small wildfires from non-fire

satellite images enhances the accuracy and utility of early warning systems. Using satellite

images as a single source of data ingestion removes the need for heterogeneous data collection

involving soil and atmospheric data as well as vegetative and geological data. It allows for

the implementation of targeted preventive measures, such as controlled burns, the creation

of firebreaks, and stricter fire bans during high-risk periods. Motivated by the capacity

to generalize and the possibility to overcome challenges posed by cloud cover, haze, and

diverse landscapes, this research uses MobileNet V3, a deep learning model based on transfer

learning to predict wildfire occurrence from satellite images. MobileNetv3 model has given

promising results, with a recall of 92 percent and an accuracy of over 82 percent. Despite

being a lighter model, MobileNetv3 has shown robust results when evaluated alongside

heavier models like Resnet50 and VGG19.
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Chapter 1

Introduction

1.1 Background and Inspiration

Based on data from the Global Forest Watch, more tree cover is being destroyed in for-

est fires today than 20 years ago, indicating they are spreading more widely. In 2023,

there has already been an increase in fire activity worldwide, with unprecedented burning

in Canada and disastrous flames in Hawaii. By contributing to greenhouse gas emissions,

wildfires negatively impact various spheres, including public health, economic activity, and

the ecosystem.Wildfires are disasters that cause significant harm to natural resources, in-

cluding soil, forests, biodiversity, and wildlife. In addition, they also lead to loss of property,

lives, and houses. Wildfires are extremely difficult to monitor. Their causality and behav-

ior incorporate complex climatic circumstances, complicated geography, and complex fuel

structures, which makes their behavior ambiguous and difficult to anticipate, especially for

large, intense wildfires [1]. In New Zealand, according to the fire and emergency depart-

ment statistics, over the last 10 years, the country has seen an average of 4245 incidents of

wildfire annually, burning 5562 hectares of land on average. Early prediction and detection

of wildfires can be extremely beneficial as an economic and life-saving approach. Effective

and quickly updated estimates of fire risk are necessary for preventative fire interventions

[3]. Fires in the humid tropics are primarily caused by humans, resulting in forest deterio-

ration. For boreal forests, however, these fires are a natural part of the ecosystem dynamics

[9]. Effective forest fire prediction has many advantages for both environmental protection

and human safety. It enables the creation and implementation of evacuation strategies and

resource allocation decisions systematically and efficiently.

Wildfires cause significant destruction to ecosystems, often reducing rich, biodiverse

habitats to barren landscapes. Forests, grasslands, and other natural areas are home to a
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wide variety of plants and animals, many of which are adapted to specific environmental

conditions. When a wildfire sweeps through these areas, it can result in the loss of habitats,

leading to the displacement or death of wildlife. Wildfires release large amounts of green-

house gases, such as carbon dioxide (CO2) and methane (CH4), into the atmosphere. This

exacerbates global warming and its associated impacts on weather patterns, sea levels, and

ecosystems.

One of the most immediate and visible economic impacts of wildfires is the destruction

of property. Homes, businesses, and infrastructure are often lost to fires, resulting in billions

of dollars in damages. Rebuilding efforts can take years and require substantial financial

resources, burdening individuals, communities, and governments. Wildfires have the poten-

tial to devastate agricultural land, destroying crops, livestock, and farming infrastructure.

This affects farmers’ immediate livelihood and disrupts food supply chains. Adding to all

this, the detrimental health impacts of wildfire can not be minimized. The smoke and ash

produced by wildfires contain fine particulate matter (PM2.5) [8], which can penetrate deep

into the lungs and cause respiratory problems.

Early identification enables the application of techniques such as controlled burns or

firebreaks to lessen the damage to ecosystems and encourage their recovery. Critical in-

frastructure, including electricity lines, highways, and communication networks, are also

threatened by wildfires. Rapid prediction assists in defending these vital systems and guards

against industry and community disruptions. Satellite imagery has revolutionized wildfire

prediction by providing real-time data on vegetation, weather conditions, and fire activ-

ity. Using satellite images for wildfire prediction offers several advantages, some of which

include broad coverage and the ability to analyze various environmental factors. Satellite

archives provide historical data that can be used to analyze trends in wildfire occurrence

and behavior, helping to improve predictive models and understand the impact of climate

change. Further, satellite data can be accessed remotely, providing real-time monitoring

capabilities for areas that are difficult to reach or have limited infrastructure. Satellite data

can be shared internationally, fostering collaboration and coordinated efforts in wildfire pre-

diction and management across borders. As a result, satellite remote sensing data played

a significant role in advancing wildfire research and management and in helping to develop

efficient strategies to reduce the impacts of wildland fires [2].

1.2 Objectives

As we have seen in the previous section, wildfires, also known as forest fires or bushfires,

have devastating effects on ecosystems, human life, and property. The increasing frequency

and intensity of these fires due to climate change and human activities have underscored
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the need for advanced predictive and management techniques. Traditional methods of wild-

fire detection and monitoring are largely reactive, relying on identifying active fire spots

through satellite imagery or ground-based observations. These methods are effective in

identifying active fire spots but are inherently reactive. Satellites equipped with thermal

sensors, such as NASA’s MODIS (Moderate Resolution Imaging Spectroradiometer), can

detect the heat signatures of active fires. Ground-based systems, including lookout towers

and automated weather stations, provide additional data on fire activity and environmental

conditions. However, these methods only allow for real-time monitoring and post-ignition

detection, limiting their utility for proactive wildfire management. This reactive approach

limits the potential for early intervention and effective wildfire management. Wildfire pre-

diction traditionally relies on heterogeneous data collection, integrating diverse information

such as soil conditions, wind patterns, humidity levels, vegetation types, and historical fire

data. However, this thesis aims to create a model by using only satellite images as the sole

data source for predicting wildfires. This approach simplifies data collection and leverages

the power of deep learning to extract meaningful patterns and parameters directly from the

images, bypassing the need for manually integrating multiple data types.

Recent advancements in deep learning (DL) and machine learning (ML) have opened

new avenues for predicting wildfires before they occur, enabling proactive risk assessment

and mitigation strategies [1,3]. This research examines current deep learning-based transfer

learning applications for predicting wildfires. When compared to machine learning (ML)

techniques, deep learning (DL)-based approaches demonstrated promising results in their

capacity to perform well in the challenge of dealing with wildfires by identifying their pres-

ence, mapping their extent and location, and forecasting their behavior and potential im-

pacts [2]. With the ability to automatically extract relevant features from the data and

the capacity for scalability based on the complexity of the problem, DL neural networks,

like Convolutional neural networks (CNNs), are adept at tackling this problem. CNNs can

process and analyze large volumes of satellite imagery, identifying patterns and features

that may indicate a high risk of wildfires. However, issues like overfitting might still be

faced despite using generalization concepts [6]. MobileNetV3 is an efficient and effective

convolutional neural network (CNN) architecture created for computer vision and image

classification tasks.MobileNetV3 introduces several innovations, including depthwise sepa-

rable convolutions, inverted residuals, and squeeze-and-excitation modules, to improve per-

formance while reducing the number of parameters and computational cost. Despite being

lighter and having fewer layers, Mobilenet V3 has shown itself to be capable of generating

models with high accuracy [4]. Transfer learning is a technique that leverages pre-trained

models on large datasets to solve specific tasks with limited labeled data [5]. In the con-

text of wildfire prediction, transfer learning allows for the use of pre-trained models, such

as MobileNetV3, to analyze satellite imagery and predict wildfire risk. By fine-tuning the

pre-trained model on a specific dataset, the model can adapt to the unique characteristics
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of the data and improve predictive performance. This paper presents a novel approach to

predicting the risk of wildfires using satellite imagery that does not contain visible wildfire

spots. The model, leveraging MobileNetV3 and transfer learning, is trained on a dataset

of satellite images generated from data provided by the Canadian government containing

regions where small wildfires, including those with wildfire spots just over 0.01 acres have

occurred. This approach to wildfire prediction, which leverages satellite images and deep

learning, simplifies the data collection process and shifts the complexity of prediction to

advanced neural networks. By using transfer learning models like MobileNetV3, ResNet50,

and VGG19, we achieve a balance between accuracy, recall, and computational efficiency.

MobileNetV3 stands out as a particularly effective model due to its efficiency and ade-

quate predictive capabilities, making it suitable for real-time applications and deployment

on various hardware platforms, from cloud-based systems to low-power edge devices. This

flexibility enhances the accessibility and scalability of wildfire prediction systems, potentially

improving early warning capabilities and response strategies to mitigate the devastating im-

pacts of wildfires.One limitation of this approach is the capacity and quality of the available

dataset. The dataset used for training the model does not provide explicit details regarding

the exact time frame in which a wildfire occurred relative to when the image was captured.

This temporal ambiguity means the model cannot specify the precise timing of when a fire

might start after the image is taken.
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Chapter 2

Literature Review

In this chapter, a comprehensive literature review is conducted, focusing on the tools and

methodologies for data gathering and processing in the context of wildfire prediction. It

also reviews existing deep learning models and their applications.The research gaps that

emerge from these evaluations are also explored in the chapter.

Various methodologies have been implemented to predict and detect forest fires. When

considering the technologies available to us for the prediction of wildfires, we need to look

at both the data gathering and data processing techniques. The literature review explores

various tools and methodologies employed for data gathering, beginning with Wireless Sen-

sor Networks (WSNs) that enable real-time environmental monitoring across diverse land-

scapes. Visual systems for the ingestion of data, encompassing ground-based sensors and

satellite technologies, are also discussed.

Transitioning to data processing methodologies, the review emphasizes the application

of Deep Learning (DL) techniques, which leverage neural networks to extract intricate pat-

terns from large datasets. Additionally, Transfer Learning (TL) algorithms are examined

for their ability to adapt pre-existing models to new datasets, thereby optimizing predic-

tive models for varying geographic and climatic conditions. This review identifies gaps in

current research, focusing on areas where advancements in data-gathering technologies and

innovative data-processing approaches can contribute to more robust and reliable wildfire

prediction models. By addressing these gaps, future research endeavors aim to refine pre-

diction accuracy, improve early warning systems, and mitigate the devastating impacts of

wildfires on ecosystems and communities worldwide.

The initial fire detection systems utilized a variety of technologies, including heat, gas,

flame, and smoke detectors. While these systems have been successful at detecting fires,

they have had issues with coverage regions, false alarms, and sluggish response times [10].
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Due to the unreliability of human observation towers and the challenging working conditions

faced by fire lookout workers, numerous technologies have been developed and put to use

in an effort to alert firefighters to the possibility of forest fires as soon as possible. The

utilization of satellite systems and pictures, wireless sensor networks, systems using charge-

coupled device (CCD) cameras and infrared (IR) detectors, and other technologies and

systems are some of the key ones now employed to achieve this goal.

2.1 Data Gathering tools/ methodologies:

2.1.1 Wireless Sensor Networks

Wireless sensor networks, or WSNs, are made up of geographically dispersed autonomous

sensing devices that are used to keep track of various environmental or physical variables,

such as sounds, temperature, vibration, motion, or pollution [14]. A considerable amount

of attention is being paid to creating a wireless sensor network (WSN)-based technology

for early fire detection or prediction that is both inexpensive and timely. The divergences

between WSNs can be found in their network architecture, communication strategies, sen-

sor kinds, and data processing methods. Wireless nodes may detect a variety of physical

factors, such as temperature, pressure, and humidity, as well as chemical parameters, such

as carbon monoxide, carbon dioxide, and nitrogen dioxide, by integrating several types of

sensors. In comparison to satellite photos, which can have limitations in accuracy under

certain circumstances (such as overcast weather), as well as long scanning intervals, sensor

networks can provide an innate advantage for fire detection and prediction. It is possible

to identify probable fire trends by using sensor data from wireless sensor networks (WSN),

such as wind direction, in conjunction with the application of machine learning and artificial

intelligence algorithms [14]. Researchers in [15] focused on identifying key conditions to de-

tect wildfire at the initial stage itself with the help of WSNs. However the system, as tested

in monitored conditions, needs the active presence of wildfire, potentially still leaving open

the possibility of damage in case the fire spreads rapidly. For wildfire prediction, deploying

a dense network of nodes dispersed across the forest to acquire data, such as temperature

and relative humidity, and transfer of this data to cluster nodes is recommended by Yu

and colleagues [22] in their study. These cluster nodes are in charge of processing data

and building neural networks. The gathered data is fed into this neural network, which

generates a ”weather index.” This index indicates the possibility of a fire occurring and

how that likelihood is affected by the current weather. It is important to remember that

the use of WSN relies heavily on precise geolocation. Precise placement is crucial because

it enables accurate measurements and makes it easier to make well-informed decisions. In-

sightful concepts for the architecture of wireless sensor networks (WSNs), such as sensor
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deployment strategies, clustering, and communication protocols, are provided in [23]. The

authors also provide advantageous insights into sensor node organization, highlighting its

impact on system design and performance. They advise that in order to facilitate effective

communication between them, consideration should be given to elements like the typical

distance between sensor nodes and the distribution model. As per the authors, fewer nodes

per cluster in the square layout help to manage congestion and improve system resiliency.

Let’s look at some of the drawbacks of WSNs as well.

Drawbacks of Wireless Sensors:

Wireless sensor networks can be a wonderful tool for fire prediction; however, they have a

few drawbacks as well. Providing power to a sensor node in a forested area is a difficult

challenge [15]. WSN’s computational and communication capabilities are constrained. It

is also vulnerable to security risks.Further, the cost-effectiveness of this system could be a

deterrent due to the high expense of building such a network [20].Data privacy in WSNs

can be a cause of issues.Further, WSNs require high power for processing and sending data.

In addition to having to deal with scarce energy resources, sensor networks are suscepti-

ble to unfavorable environmental factors, necessitating careful consideration and efficient

mitigation techniques[21]. Due to variables including wildlife interference, weather-related

damage, and other issues, sensors may become inoperable. Data transmission from several

sensors to a central processing unit can generate latency and consume a lot of bandwidth.

To successfully manage the transmission overhead, efficient data compression, routing tech-

niques, and data aggregation are required. Effective firefighting requires accurate localiza-

tion of flames. Sensor positioning mistakes or faulty localization algorithms may lead to

erroneous data on the location of fires.

In the following section, we will review the present visual systems available to gather

the data needed to create robust mechanisms for predicting wildfires. These visual systems

can be ground-based cameras, UAV devices, or even satellites. We will also look into the

research conducted with the help of these visual systems.

2.2 Visual Systems

The benefits of visual systems for fire prediction include the ability to monitor broad areas,

relatively quick response times, fire confirmation without visiting the fire site, and the

availability of fire details. Thus, over the past ten years, visual fire detection and prediction

techniques have drawn a lot of attention [18].
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2.2.1 Ground based Visual systems

Using both the visible and infrared (IR) spectra to identify fires in videos is a powerful

technique that increases the potency of fire detection systems [14]. By detecting smoke, AI-

assisted software-defined cameras (SDCs) can forecast forest fires on a local scale. In order

to ensure early detection and effective management of forest fires, artificial intelligence (AI)

technologies also make it simple for a single user to operate numerous patrol cars equipped

with video cameras and fire extinguishers. Complex computer vision algorithms can accu-

rately identify and quickly alert authorities to the presence of fires through the analysis of

video footage. Utilizing both the visible and IR spectra, video-based fire detection takes

advantage of the distinctive characteristics of flames, smoke, and heat coming from fires.

The IR spectrum detects the thermal patterns and temperature variances connected to

fire occurrences, while the visible spectrum records the visual characteristics of flames and

smoke. Over the years, a lot of studies have been done to identify fire and smoke in video

footage shot in the visible spectral region. In [17], one of the earliest automatic systems

for color video input real-time fire detection was introduced. To provide precise results, the

method took advantage of the spectral, spatial, and temporal properties of fire. To facilitate

effective analysis, the researchers’ system initially divided the image into a grid structure.

The rectangles in the grid that might represent fires are then pointed out by the algorithm.

The connected fire components are then labeled by the algorithm, which then interprets

the labeled components. If a fire alarm is deemed required, it is activated based on the

interpretation. Due to their ability to detect and distinguish thermal sources of particular

relevance, IR (infrared) cameras are equally valuable and effective in daytime and nighttime

circumstances. This functionality makes it possible to collect data at a variety of resolutions

to accommodate different fire detection circumstances. In [19], researchers suggested using

IR cameras mounted on Unmanned Aerial Vehicles (UAVs) in their investigation.

2.2.2 Satellites

Examining satellite imagery has been a widely used technique for many years since it allows

for a detailed assessment of areas of interest to identify probable fires. Due to their depend-

ability, high availability, quick execution, and ability to monitor vast areas, satellite systems

are now also used to tackle the challenge of prediction and identification of wildfires. The

method of detecting and analyzing active fires can be used in a variety of contexts, including

pinpointing the initial burned regions, analyzing air quality, and predicting the spread and

growth of fires. As a result, satellite remote sensing data has been crucial in furthering

wildfire research and management as well as in the creation of effective wildfire mitigation

measures [2].Through the use of pre-trained DL models, Palacio and Ian [3] were able to

forecast wildfire smoke using satellite data of the Californian regions with an accuracy of 73
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percent [3]. Researchers in [11] used Landsat imagery for Active Fire Detection using Deep

Multiple Kernel Learning. Satellite data from various sources have been used to predict

the spreading of wildfire using deep neural network MA-Net architecture [16]. However, the

prediction quality degraded for the model when tested in new environmental conditions.

Researchers have also suggested using an FCN (Fully Convolutional Network) to forecast

smoke in satellite photos captured by Himawari-8 and the NOAA Visible Infrared Imaging

Radiometer Suite close to real-time [25]. The use of satellites has a number of advantages.

However, they also present a unique set of challenges. These are discussed in the following

sections.

Advantages of Satellites:

The prediction of wildfires across enormous regions is made possible by satellites’ ability

to take pictures of large geographic areas [16]. With the use of satellites, an area can be

continuously observed, day and night, providing the ability for wildfires to be monitored

round-the-clock. Systems on the ground frequently need significant infrastructure and con-

tinual maintenance. Once in orbit, satellites can monitor vast areas for a fraction of the

price of ground-based surveillance. This is helpful for monitoring fires in distant wilderness

areas and in nations with little ground-based monitoring facilities.

Challenges faced by Satellites:

The lack of real time applications is one of the most challenging issues faced by satellites.

Satellites face latency issues [13]. There isn’t any real-time satellite data available right now.

What it means is that, in theory, real-time data should be instantly available, but in practice,

there is a lag between data collection and delivery. Interestingly, NASA EOSDIS classifies

satellite data as real-time if it is available within 60 minutes of a satellite overhead. The

processing of data can take up to 30 minutes for geostationary orbiting satellites (GEOS)

and hours for low-earth orbiting satellites (LEOS), even though data latency—the time

interval between transmitting and receiving a signal—is approximately 560 ms for GEOs

and 50 ms for LEOS.Many factors, including whether the satellite is within range of a

ground station and the distance between the satellite and the earth, can influence this

processing time.

The accuracy of satellite images varies with cloud cover [52]. Although SWIR or Short-

Wave Infrared instruments allow a satellite to look through clouds, they are not as affordable

as other imaging technologies, and the images they provide are sometimes of worse quality.

When there is cloud cover, satellite fire detection technologies like MODIS or VIIRS face

11



issues in detecting current flames. Haze which can be caused by multiple sources are exam-

ples of atmospheric conditions that can further blur or reduce reliability of the photographs

[53], making it challenging to locate potential wildfires. Regular satellite passes over partic-

ular areas take place, usually once a day or every few days. The frequency of observations

can be limited by temporal data sparsity caused by cloud cover during these passes. This

may cause gaps in the fire activity monitoring system.

Data processing methodologies, particularly Deep Learning (DL), are pivotal in advanc-

ing wildfire prediction due to their ability to handle complex and large datasets, extract

meaningful patterns, and provide accurate predictions. In the following section, data pro-

cessing methodologies currently used for wildfire prediction are reviewed and compared.

2.3 Data processing methodologies:

2.3.1 Deep Learning

Deep learning is a branch of machine learning that uses multiple layers of processors to

process data and create abstractions. It is a significant part of machine learning that has had

great success in multiple areas of research [29]. DL has made it possible to efficiently extract

useful feature information from a vast amount of data on its own when compared to typical

machine learning techniques. DL also outperforms traditional machine learning methods

across a wide range of data sets thanks to its strong data classification, recognition, and

regression prediction abilities. It is increasingly being used by academics and professionals

to forecast forest fires [24].

In order to construct systems with learning capacities or techniques of comprehending

information that is similar to humans, the core architecture and several fundamental termi-

nologies for deep learning are based on human neurology [7]. Neural networks, also known

as perceptrons, are the basic building element of deep learning architecture. They are the

computational units that make up these networks. DL involves an information flow between

layers where each layer takes in or treats the result of the one before it, or perhaps even

the layer itself, as its input. The input layer is the initial layer of a DL network, and the

output layer is the final layer. Hidden layers are those layers that exist between the input

and output layers. Some common DL categorizations are:
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FNNs, or feedforward neural networks

Feedforward neural networks (FNN) are a type of artificial neural network where the in-

formation flow is unidirectional, from input to output. The structure of an FNN consists

of several neurons (processing units) arranged in a layer-by-layer basis, and the neurons

in a layer have connections (weights) from the neurons at its previous layer [27].FNNs are

characterized by the absence of feedback connections. Information is processed through

the network by neurons in each layer as they transform incoming data utilising weighted

connections and activation functions. Weights are adjusted throughout training in order to

reduce the gap between expected and actual outputs. They are employed in processes like

binary/multiclass classification and regression. Researchers in [28] used an FNN-based neu-

ral network model to predict forest fires in Madagascar and achieved a balanced accuracy

of 78 percent and a fire-detection accuracy of 83 percent.

CNNs, or convolutional neural networks

CNNs are made to handle data with a grid structure, such as photos and video. They excel

at picture identification tasks by using convolutional layers to automatically extract features

from input data. A geographical prediction model based on CNN was put up [30] for the

modeling of wildfire susceptibility in China’s Yunnan province. A two-step CNN approach

was created in [31] to identify burned regions and estimate the damage they will sustain from

satellite data. 5000 photos of regions in Australia between November 2019 and February

2020 taken by Himawari-8 satellite were used as training data, yielding an accuracy greater

than 80 percent [32]. U-Net++ was also used as a global wildfire forecasting technique in

[33]. U-Net++ achieved an F1-score of 50.7 percent using the seasFire cube dataset.

RNNs, or Recurrent neural networks

Recurrent neural networks are a strict superset of feedforward neural networks, augmented

by the inclusion of recurrent edges that span adjacent time steps, introducing a notion of

time to the model. While RNNs may not contain cycles among the conventional edges,

recurrent edges may form cycles, including self-connections [26]. These are neural networks

that are particularly adept in processing sequential data, including time series, text, and

speech. They maintain a hidden state that captures information from previous time steps,

enabling them to capture the impact of previous behavior on current behavior. They are

useful for applications like speech identification and natural language processing because

they include recurrent connections that enable them to preserve information over time

steps. A comparison of RNN architectures for wildfire spread modelling was conducted by
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researchers in [45].

LSTMs, or Long Short-Term Memory Networks

LSTMs and Gated Recurrent Unit Networks (GRUs) are RNN designs that can address the

vanishing gradient problem, which can arise while training ordinary RNNs on lengthy data

sequences. Long-term dependencies in sequential data can be more effectively captured by

LSTMs and GRUs.Researchers in [34] used an LSTM based 6 layered deep architecture

to Predict Forest Fires Using Meteorological Measurements. Researchers users the static

location-aware ConvLSTM model, to predict wildfires. ConvLSTM is a combination of

CNN and LSTM. The model however provided lower predictive performance in regions

having weak seasonal trends regarding wildfires [35]. Temporal data on wildfires in India

was collected and fed to an LSTM network by researchers [39]. The model could predict

the occurrence of forest fires with 94.77 percent accuracy.

Transfer Learning

Transfer learning is a method that makes use of neural networks that have already been

trained to handle new tasks more quickly. A pre-trained model is refined on a task-specific

dataset after it has previously been trained on a large dataset, as opposed to starting from

scratch. This method saves time and data by utilizing the knowledge and feature repre-

sentations that the pre-trained model has acquired. Models developed by transfer learning

are more adept at generalizing to data. It can be used in many different fields, includ-

ing speech recognition, natural language processing, and computer vision. Well-known

pre-trained models like ResNet and MobileNet have been utilized in a wide range of appli-

cations. Practitioners can achieve faster convergence and higher performance by adapting

these models. Transfer learning algorithms alongside CNN were used to detect fires using

UAV by researchers in [44]. A comparative description of the problems faced by various DL

algorithms is given in the following section.

2.3.2 Comparison of Deep Learning Algorithms

In this section, we will delve into various deep-learning algorithms and some of their lim-

itations. Feed-forward Neural Networks (FNNs) don’t specifically take into account how

the pixels are arranged in space inside an image. They may lose crucial spatial information

as a result of treating every pixel or feature separately. Their performance on activities

that require them to learn the locations and relationships of objects within an image may
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be hindered by this limitation.RNNs can effectively handle time-series-based and sequential

information types [26]. However, due to their sequential nature, RNNs do not adequately

take advantage of the spatial relationships found in images. They have limited paralleliza-

tion, which makes them less appropriate for the highly parallel image processing that is

frequently used in contemporary deep-learning applications. Due to the nonlinear nature

of unit activation output characteristics and the weight adjustment strategies, network sta-

bility is often difficult to ascertain for RNNs [36]. Since LSTMs are also sequential models

by nature, they are not effective in capturing spatial features in images. They are not

appropriate for handling image data since they process information at the pixel or feature

level one step at a time. A limitation of LSTM networks is their handling of continuous

input streams that are not a priori segmented into subsequences with clear endpoints where

the network’s internal state can be reset. Without these resets, the state can accumulate

indefinitely, potentially leading to the network’s failure [37]. The fundamental advantage of

CNN over its predecessors is that it automatically identifies the pertinent features without

human intervention. CNNs are capable of learning feature representations in hierarchical

structure from images. They are made up of numerous layers of convolutional and pooling

procedures that capture basic features, such as edges and textures, and gradually combine

these elements to represent more advanced and abstract ones. This hierarchical method

works well for picture data since it allows for the hierarchical organization of features. Im-

plementing a large-scale network is much simpler with CNN than it is with other neural

networks.

The main issue faced by CNN models is over-fitting, which reduces their ability to obtain

well-behaved generalizations [6]. When a model performs exceptionally well on training

data but fails on test data (unseen data), it is said to be over-fitted. Although methods

like dropout and data augmentation are employed to boost generalization, the problem of

overfitting must be addressed when working with CNN. Transfer learning, which entails

employing previously acquired knowledge in related activities, provides the answer to this

problem. Transfer learning enhances the accuracy of DL models, which employ deep features

and fine-tuning [5]. In the following section, we will review several transfer learning models

and their use in wildfire prediction.
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Algorithm Advantages Challenges Solution

FNN Simple and straight-
forward architecture,
easy to implement and
understand.

They may lose crucial
spatial information

Transfer learning addresses
the issue by leveraging pre-
trained models that have
already learned to capture
spatial hierarchies and pat-
terns in large datasets.

RNN These neural networks
are particularly adept
in processing sequen-
tial data

Limited paralleliza-
tion makes them less
appropriate for the
highly parallel image
processing

Transfer learning helps to
leverage the knowledge em-
bedded in pre-trained mod-
els, reducing the compu-
tational burden associated
with parallel processing

LSTM Long-term dependen-
cies in sequential data
can be more effectively
captured by LSTMs

LSTM networks strug-
gle with continuous
input streams lacking
clear endpoints for
state resets, risking in-
definite accumulation
and failure.

Transfer learning in LSTM
networks helps by leverag-
ing pre-trained models with
learned features, aiding in
stable state management
and mitigating accumula-
tion risks.

CNN They are capable of
learning feature repre-
sentations in hierarchi-
cal structure from im-
ages

CNN Models face the
challenge of overfit-
ting, reducing its abil-
ity to obtain well be-
haved generalizations

Transfer learning aids in
mitigating overfitting in
CNN models by leveraging
pretrained weights and
features, promoting better
generalization.

Table 2.1: Comparative Review

2.3.3 Transfer Learning Algorithms

VGG16 and VGG19

Visual Geometry Group, or VGG for short, is a multi-layered, conventional deep Convolu-

tional Neural Network (CNN) architecture. VGG-16 and VGG-19 are composed of 16 and

19 convolutional layers, respectively.A transfer learning strategy using VGG-19 as the base

network was proposed by researchers in [46] for forest fire detection. With an accuracy of

95 percent on the DeepFire dataset, the transfer learning strategy was found to be superior

to K-nearest neighbors, SVM, Näıve Bayes, and logistic regression.
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ResNet-50

The ResNet family of convolutional neural networks was proposed in [47] by researchers

to overcome the challenge of backpropagation loss faced by deep neural networks. Skip

connections are used to create a shortcut for backpropagation to reach earlier layers and

eliminate the vanishing gradient problem. Additionally, residual connections are used, hence

the term ResNet, to learn residual functions related to the input layer. Different layer

counts, such as ResNet-18, ResNet-34, ResNet-50, etc., can be used to create a ResNet

model. A modified Resnet-50 model was used in [49] by researchers for wildfire detection,

and it provided an accuracy of 100 percent on the Utah Desert Fire dataset.

Xception

Xception is a deep convolutional neural network based on InceptionV3 [50]. Xception

utilizes depthwise separable convolutions instead of traditional convolutions. With the use

of these convolutions, Xception created a 71-layer deep architecture that performed better

on ImageNet and other large-scale datasets than InceptionV3 [50]. Since the Xception

architecture has the same number of parameters as Inception V3, the performance gains

are not due to increased capacity but rather due to a more efficient use of model parameters.

MobileNet V3

MobileNetV3 is an efficient and effective convolutional neural network (CNN) architec-

ture created for computer vision and image classification tasks. It expands on the ac-

complishments of its previous versions, MobileNetV1 and MobileNetV2.The foundation of

MobileNetV3 is an inverted residual structure, where the intermediate layer is an expanded

representation that uses lightweight depth-wise convolutions to filter features, while the in-

put and output of the residual block are thin bottleneck layers. The computation and model

size can be greatly reduced thanks to factorized convolutions.Researchers in [51] found that

using MobileNetV3 transfer learning, high accuracy up to 90 percent can be achieved within

fewer iterations than end-to-end CNN-based models for the same purpose.

MobileNet is designed to be computationally efficient. It typically has a smaller model

size compared to larger architectures like ResNet.The efficiency of MobileNet allows it to

process images more quickly, making it suitable for real-time applications. In satellite

image processing, real-time analysis may be crucial for tasks such as disaster response

or monitoring dynamic environmental changes. According to [4], MobileNetV1 was able

to yield greater accuracy compared to transfer learning model like Res-Net50 in image
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classification task. Despite being lighter and having fewer layers, Mobilenet V3 has shown

itself to be capable of generating models with high accuracy. Lets look at some of the ket

components used in MobileNet architecture.

• Depthwise Separable Convolution :

MobileNet model is based on depthwise separable convolutions, which is a form of

factorized convolutions that factorize a standard convolution into a depthwise con-

volution and a 1×1 convolution called a pointwise convolution [55].The depthwise

separable convolution uses two layers: a layer for filtering and a separate layer for

combining. This factorization has the effect of drastically reducing computation and

model size. Computational cost of standard convolutions depends multiplicatively on

the number of input channels I, the number of output channels O the kernel size K

× K and the feature map size F × F. Computational cost of standard convolutions :

K · K · I · O · F · F (2.1)

When compared to conventional convolution, depthwise convolution is far more effi-

cient. But instead of combining input channels to create new features, it only filters

them. To integrate the output of depthwise convolution and create these new features,

an extra layer utilizing 1 × 1 convolution is needed.MobileNet uses 3 × 3 depthwise

separable convolutions, which drastically lower computational demands—by about 8

to 9 times compared to standard convolutions—while still achieving nearly the same

level of accuracy.

K · K · I · F · F + I · O . F · F (2.2)

• Linear Bottleneck :

Bottleneck layers are used to reduce the number of parameters and computations.

A bottleneck layer typically compresses the feature dimensions (reduces the num-

ber of channels) before expanding them again, effectively squeezing the information

through a ’narrow’ channel.The layer processes a low-dimensional tensor with c chan-

nels by performing three distinct convolutions. Initially, a point-wise (1x1) convolu-

tion expands the low-dimensional input feature map to a higher-dimensional space

then applies ReLU6. This expansion factor, results in tc channels at this stage. The

higher-dimensional tensor is spatially filtered by doing a depth-wise convolution with

3x3 kernels and then activating ReLU6. Lastly, the feature that was spatially fil-

tered is projected once more using a point-wise convolution into a low-dimensional

subspace.The last stage has a linear activation function because to avoid information

loss.Use of inverted residual block to connect the bottlenecks leads to less memory
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requirement than the standard residual block. Researchers in [57] highlight two key

notions: A linear activation should come after the final 1x1 convolution, which projects

back to a lower-dimensional space, and the low-dimensional feature maps should be

connected by the residual connections. It is emphasized that low-dimensional feature

maps produced by linear activations are processed by the inverted residual block at

both its input and output.

• Squeeze and Excitation Block :

The addition of squeeze and excitation module helps by giving un-equal weights to dif-

ferent channels from the input when creating the output feature maps as supposed to

equal weight that a normal CNN gives. To create an efficient model for MobileNetV3,

researchers in [54] used these layers as building blocks. The sigmoid function used

by both squeeze-and-excitation and the swish nonlinearity can be computationally

demanding and make precision with fixed-point arithmetic challenging. The hard

sigmoid is used in order to address these problems.

MobileNetV3 is defined as two models: MobileNetV3- Large and MobileNetV3-Small. These

models are targeted at high and low resource use cases, respectively. The models are created

by applying platform-aware NAS and NetAdapt for network search and incorpo- rating the

network improvements defined in this section. See [54, Table 2.2] and [54, Table 2.3] for full

specification of the networks.

19



Input Operator Exp Size #out SE NL s

2242 × 3 conv2d - 16 - HS 2
1122 × 16 bneck, 3x3 16 16 - RE 1
1122 × 16 bneck, 3x3 64 24 - RE 2
562 × 24 bneck, 3x3 72 24 - RE 1
562 × 24 bneck, 5x5 72 40 X RE 2
282 × 40 bneck, 5x5 120 40 X RE 1
282 × 40 bneck, 5x5 120 40 X RE 1
282 × 40 bneck, 3x3 240 80 - HS 2
142 × 80 bneck, 3x3 200 80 - HS 1
142 × 80 bneck, 3x3 184 80 - HS 1
142 × 80 bneck, 3x3 184 80 - HS 1
142 × 80 bneck, 3x3 480 112 X HS 1
142 × 112 bneck, 3x3 672 112 X HS 1
142 × 112 bneck, 5x5 672 160 X HS 2
72 × 160 bneck, 5x5 960 160 X HS 1
72 × 160 bneck, 5x5 960 160 X HS 1
72 × 160 conv2d, 1x1 - 960 - HS 1
72 × 960 pool, 7x7 - - - - 1
12 × 960 conv2d 1x1, NBN - 1280 - HS 1
12 × 1280 conv2d 1x1, NBN - k - - 1

Table 2.2: Specification for MobileNetV3-Large. SE denotes a Squeeze-And-Excite in the
block. NL shows type of nonlinearity used. Here, HS denotes h-swish and RE denotes
ReLU. NBN denotes no batch normalization. s denotes stride.
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Input Operator Exp Size #out SE NL s

2242 × 3 conv2d, 3x3 - 16 - HS 2
1122 × 16 bneck, 3x3 16 16 X RE 2
562 × 16 bneck, 3x3 72 24 - RE 2
282 × 24 bneck, 3x3 88 24 - RE 1
282 × 24 bneck, 5x5 96 40 X HS 2
142 × 40 bneck, 5x5 240 40 X HS 1
142 × 40 bneck, 5x5 240 40 X HS 1
142 × 40 bneck, 5x5 120 48 X HS 1
142 × 48 bneck, 5x5 144 48 X HS 1
142 × 48 bneck, 5x5 288 96 X HS 2
72 × 96 bneck, 5x5 576 96 X HS 1
72 × 96 bneck, 5x5 576 96 X HS 1
72 × 96 conv2d, 1x1 - 576 X HS 1
72 × 576 pool, 7x7 - - - - 1
12 × 576 conv2d 1x1, NBN - 1024 - HS 1
12 × 1024 conv2d 1x1, NBN - k - - 1

Table 2.3: Specification for MobileNetV3-Small. See table 2.2 for notation

2.4 Present Research Evaluation

Now, let’s look at some of the key research currently done in the field of predicting wildfire

and their ability to detect small wildfires, as well as the type of data collection employed

by them.
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Key research aim
Need to collect data
from multiple sources

Ability to detect small
wildfires

Predicting California Wildfire
Risk with Deep Neural Net-
works [3]

Homogeneous data collec-
tion from satellite images

Capacity to predict small
wildfires not explored/not in
scope

Real-time Forest Fire De-
tection and prediction with
Wireless Sensor Networks [22]

Heterogeneous data collec-
tion using multiple sensors

Focus is predominantly on de-
tection capabilities, not pre-
diction

Simulation of forest fire
spread [69]

Yes, environmental data
from multiple sources in-
cluding topographic vari-
ables, land cover type vari-
ables etc.

Focus on large fires, unable
to monitor the development of
small forest fires

Framework development for
wildfire susceptibility assess-
ment [70]

Yes, environmental data
from multiple sources

Capacity to predict suscepti-
bility of small wildfires not
specified

A data mining approach to
predict forest fires using me-
teorological data [71]

Heterogeneous data col-
lection including tempera-
ture, precipitation, relative
humidity, and wind speed

Able to predict burn area of
small wildfires. Low burn area
accuracy for large fires

Table 2.4: Comparative evaluation of Key Researches

2.5 Research Gap

In the literature review conducted in Chapter 2, we have seen and identified significant

advancements in the field of wildfire prediction using state-of-the-art DL algorithms [23,24].

However, several notable gaps remain in their application.

Currently, no specific research has considered predicting wildfires that may have small

wildfire spots using a single source of data or with homogeneous data collection. The

research aims to address this critical research gap. Predicting the occurrence of these small

wildfires can be crucial and help to take remedial measures, preventing the possibility of

large scale damage caused by the spread of wildfire. Using a homogeneous data source can

bypass the need for depending on multiple distinct and diverse datasets for decision making.

Challenges faced with the homogeneous dataset have been discussed in section 5.1

Among the various DL algorithms used, none currently have been utilized MobileNetV3

despite it being a lightweight and effective transfer learning model which can be used to

tackle the challenges of predicting wildfires from satellite images.

According to researchers, the presence of clouds prevents optical satellite imaging sys-

tems from obtaining useful Earth observation information and negatively affects the pro-

cessing and application of optical satellite images [52]. The missing information in images
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caused by clouds and their shadows leads to spatial and temporal gaps in satellite Earth

observation data. With the use of transfer learning methods, we also test the capacity of

the model to provide accurate predictions in images with cloud cover as well as images

contaminated by atmospheric images.

This research primarily focuses on predicting wildfires, including those that may have

small wildfire spots, without the need for heterogeneous data collection. Predicting small

wildfires offers several significant advantages. Early detection of these minor fires can pre-

vent them from escalating into larger, more destructive blazes. This proactive approach

allows for swift intervention, reducing the overall damage and the resources needed for fire-

fighting. Small wildfires can also serve as indicators of underlying environmental conditions

that may lead to more significant fires. By addressing these early, fire management strate-

gies can be optimized. The use of satellite images negates the need for the collection of

data from multiple or heterogeneous sources. The effectiveness of the model in maintaining

predictive accuracy despite challenges posed by diverse environmental conditions is also

explored in the thesis.
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Chapter 3

Research Design

In the preceding sections, we looked at various deep-learning architectures to predict wild-

fires from satellite images. This chapter will focus on the research design. Information about

the dataset, data augmentation methods used, model design and architecture components

are explained in the chapter. To solve the problem of overfitting and to tackle issues caused

by cloud cover when predicting wildfires from satellite images, this thesis research aims to

use transfer learning-based DL models.

The main research aim of this paper is to build a robust DL model capable of predict-

ing wildfires, including those with small wildfire spots from satellite images, by leveraging

information from pre-trained models.

3.1 Dataset

The dataset has been created from the Canadian governments’ wildfire data.The dataset

contains satellite images of size350×350px which can be divided into two classes, ”Wildfire”

and ”No Wildfire” with 22710 images where wildfire was present and 20140 images where

the wildfire is not present. Satellite images of each wildfire spot greater than 0.01 acres

burned have been extracted via MapBox Api using Longitude and Latitude coordinates.

The Mapbox API is used to transform geographic data into tilesets that can be used with

maps and geographic applications. MapBox Api fetches data from multiple sources of

satellites to create images . The use of MapBox Api has helped in facilitating the creation

of a dataset that can be used for training a DL model, which can detect if an area is at

risk of wildfire or not. As the dataset contains ample samples of both cases, it helps us

avoid issues of unbalanced training and validation for our model as well. Further, since the

dataset contains images for regions where wildfire spot was only greater than 0.01 acres, it
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will help us predict the occurrence of wildfires, which may be small in nature, before they

can escalate. The dataset will be split into train, test, and validation with these percentages

respectively (70,15,15).

3.1.1 Data Augmentation

Performing data augmentation on the dataset allows us to significantly increase the size

of our training dataset and, as a result, the quality of the trained models [40]. With

data augmentation, we can add new data to the dataset that is similar to the original

data but with some slight modifications, which can improve the performance of neural

networks learning from data and improve their accuracy [41].We aim to use different data

augmentation techniques, including:

Random rotation: this can help to reduce overfitting by creating new images that are

rotated versions of existing images. In real-world applications like medical imaging, satellite

imagery, and autonomous driving, objects can appear in various orientations. Random

rotation helps the model learn to recognize objects regardless of their orientation, thereby

improving its ability to generalize to new, unseen data. It also artificially increases the

size and variability of the training dataset without the need for additional labeled data.

This is particularly useful when the available dataset is small. Random rotation is a vital

augmentation technique that enhances the robustness, generalization, and performance of

deep-learning image models. By simulating the variability and unpredictability of real-world

data, it helps the model learn invariant features, thereby improving its applicability across

diverse and practical scenarios.

Horizontal and vertical mirroring: they can also help to reduce overfitting by providing

the model with new images that are mirror images of existing images. Satellite images can

appear in various orientations, and mirroring helps the model learn to recognize objects

regardless of their orientation, thus improving its ability to generalize to new, unseen data.

By exposing the model to flipped versions of the images during training, the model becomes

less likely to memorize the training data (overfit) and more likely to learn meaningful

patterns that generalize well to new data. Further, it also artificially increases the size and

variability of the training dataset without the need for additional labeled data. This is

particularly useful when the available dataset is small.
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3.2 Wildfire Prediction Parameters

A variety of parameters could show the emergence of wildfires. These variables are connected

to the condition of the soil, the crops, and many weather factors that affect wildfires. There

are three primary parameters we can get from satellite images that can be used as indicators

for the occurrence of wildfires. The Normalised Difference Vegetation Index (NDVI), widely

regarded as the most widely used vegetation index for crops, is the first parameter. The

soil temperature, or LST, is the second parameter. The fire indicator (Thermal Anomalies)

is the third and final parameter we will look into. These three variables are important to

forecast wildfires brought on by natural factors like heat. In such circumstances, the crops’

health and the soil’s ability to resist fire are crucial factors; a dry crop in hot, dry soil is

more likely to catch fire than a wet crop in moist land. When a fire is strong enough to be

identified, the third parameter—thermal anomalies—provides direct information about the

fire together with detection confidence, which reinforces the findings of the previous two.

3.2.1 The Normalized Difference Vegetation Index (NDVI)

The normalized difference vegetation index (NDVI) is the most frequently used vegetation

index. It measures the ”greenness” or photosynthetic activity of a crop. It can be used

to assess the density and health of plants.NDVI has been used in numerous applications,

including the forecast of wildfires and droughts, the management of water resources, and the

estimation of crop yields. The NDVI scale runs from 0 to 1, with values close to 0 denoting

extremely sparse vegetation and values close to 1 denoting dense vegetation. Because NDVI

indicates whether a crop is wet or dry, it can be highly helpful in predicting the likelihood

of a wildfire. A dry crop is more combustible than a wet one. Through the use of remote

sensing, NDVI was obtained from the satellite Terra by researchers in [43]. MODIS (or

Moderate Resolution Imaging Spectroradiometer) is a key instrument aboard the Terra.

Surface reflectance composites produced from Modis allow to generate the NDVI index.

3.2.2 The Land Surface Temperature

The radiative temperature of the earth is conveyed by land surface temperature or LST.

It uses the temperature of the bare soil and plants to identify crops that are affected.

The higher the temperature, the more stressed the crop is [43].LST is useful for a variety

of purposes and can be obtained from satellite data. The Moderate Resolution Imaging

Spectroradiometer (MODIS) land cover product, land cover change analysis, and estimation

and parameterization of surface fluxes are among the most significant uses of Land Surface

Temperature (LST) data. LST is also useful for measuring surface soil moisture, forecasting
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wildfires, monitoring drought, assessing wheat’s water needs, and predicting frosts in other

crops.

3.2.3 Thermal Anomalies (TA)

When a fire starts, this parameter provides information about it (but only if the fire is

strong enough to be noticed). This characteristic may be retrieved from the MODIS product

”MOD14A1” and is accessible at a resolution of 1 km. It is made up of fire pixels that are

identified in each grid cell on a daily basis. The foundation of the fire detection approach

is the full detection of the fire as well as detection in relation to its background (to account

for surface temperature variations and sunlight reflection).

Mapbox Api provides global satellite imagery from various providers, including NASA

and USGS. It uses Modis to provide for low resolution tiles. The dataset used has been

generated using Mapbox API. The dataset consists of satellite images in JPEG format. The

parameters which are present for Modis images, may not work accurately for JPEG images

as they are RGB based and generally don’t separate Red, Near-Infrared (NIR), or other

spectral bands needed for precise calculation of features like NDVI. So, the impact of the

parameters in the decision making process cannot be stated precisely. The deep learning

model currently is a black box when it comes to the usage of these features.

3.3 Model Architecture

The proposed architecture will implement the use of MobileNetV3 transfer learning to create

a model to predict wildfires. Based on the literature review, we can clearly see the advantage

of transfer learning in tackling the issues faced by contemporary models when dealing with

cloud cover. With the capacity to create a generalized model, the problems caused by

overfitting can also be reduced by the transfer learning model. Due to its efficiency and

accuracy, the transfer learning model we will use for the research will be MobileNetV3. The

proposed methodology is given in Figure 3.1.
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Figure 3.1: Proposed Methodology

3.3.1 Model Pre-Training

With millions of images belonging to many object classes, ImageNet serves as a sizable

image repository that has had a substantial impact on the development of computer vision

and DL. The popularity of ImageNet is due to its broad coverage, which includes numerous

labeled images. Additionally, preprocessing is often applied to ImageNet images to ensure

that they correspond to standardized dimensions and layouts, making them appropriate for

both training and assessment purposes. In the context of MobileNetV3, ImageNet plays an

important role in the training process. With the use of Imagenet, the model gains the ability

to acquire a diverse range of features and representations from the image. This pre-training

step equips MobileNetV3 with a powerful initial set of weights and feature descriptions.

Additionally, utilizing ImageNet for pre-training often serves to increase the regularization

of the model, enhancing its capacity for generalization and preventing overfitting, even in

scenarios where the training dataset is not large. According to [7], MobileNetV3 can provide

an accuracy increase of as much as 6.6 percent on ImageNet classification than MobileNetV2

while having a 20 percent reduction in latency.

3.3.2 Neural Network

After the pre-trained model is created after being trained on Imagenet, the weights are

frozen, and the output is given to the input layer of the neural network. Leveraging the

previously learned weights during the initial training on the old data, a massive amount of

time and space is saved while minimizing the model’s complexity. This model will be trained
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on the augmented dataset and, after training, will be evaluated to measure its potency.

The neural network architecture builds upon a pre-trained model’s output by incor-

porating a series of dense (fully connected) layers interspersed with dropout layers. The

model architecture begins with a series of dense layers, each designed to progressively refine

the feature representations extracted by the pre-trained model. Dense layers are the core

building blocks of neural networks. Each dense layer is a fully connected layer, meaning

each neuron in the layer is connected to every neuron in the preceding layer. The ReLU

(Rectified Linear Unit) activation function is used, which introduces non-linearity into the

model and helps in learning complex patterns. Dropout is used as a regularization technique

to help prevent overfitting by randomly setting a fraction of the input units to 0 at each

update during training time. In this architecture, a dropout rate of 20% is used after each

dense layer. This encourages the network to learn more robust features that are not reliant

on specific neurons, thereby enhancing generalization.

Researchers in [38] tested the impact of layers and number of units per layer on the

performance of the model. They found that neural network having upto 5 hidden layers

performed better. Further, having high number of neurons like 500 or 1000 per layer, led

to a drop in performance. The authors gained best performance when using 19 neurons per

layer. However when tests were done with a deep learning architecture with 5 layers and

19 neurons for the research, the robustness of the model decreased. The neural network

that is implemented needs to capture all the key features from the image without facing

the reduction in accuracy that can be seen in deeper models with large number of neurons.

Therefore, the first dense layer of the neural network created consists of 256 units with ReLU

activation, followed by a dropout layer with a 20% dropout rate. This is done to prevent

overfitting. This pattern is repeated for the second dense layer, also comprising 256 units

with ReLU activation and a subsequent 20% dropout rate. The architecture then reduces

the number of units in the third dense layer to 128, maintaining the ReLU activation and

20% dropout. This reduction continues with the fourth dense layer, which contains 64 units,

and the fifth dense layer, which has 32 units, each followed by a 20% dropout layer. This

systematic decrease in the number of units helps in distilling the most relevant features,

ensuring computational efficiency and enhancing the model’s ability to generalize to new

data.The neural network architecture has been given in Figure 3.2.
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Figure 3.2: Neural network Architecture
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Chapter 4

Results

It is crucial to create precise, effective, and timely prediction systems in light of the growing

threats posed by wildfires.In this chapter, the deep learning model’s efficacy is measured

using various parameters. The ability of the model to provide reliable predictions across

different conditions are also investigated. Further this chapter also dives into heavier models

like ResNet50 and VGG19 and compares their performance with the MobileNetV3 model.

Deep learning has become a major driver for change in the fields of artificial intelligence

and machine learning. It is extremely effective at extracting complex feature representa-

tions from huge datasets. This innate capacity is especially well-suited for addressing the

difficulties of using satellite imagery to predict forest fires. In this research, transfer learning

has been used to predict wildfire from satellite images. Transfer learning provides a way

to use the information and representations acquired from a huge dataset, in this case, Ima-

geNet and apply them to the objective of predicting wildfires in our research. MobileNetV3

is a highly capable and effective convolutional neural network (CNN) architecture created

for computer vision and image classification applications. The architecture’s novel compo-

nents, like the linear bottlenecks and inverted residual structure, increase its efficiency while

maintaining the ability to provide a reliable and effective model.

4.1 Model Evaluation

The model loss and model accuracy graphs provide valuable insights into the performance

and behavior of a machine learning model during training and validation phases. The loss

function, also known as the cost function or objective function, is a measure of how well the

model’s predictions align with the actual target values. Various loss functions are suited to

different types of problems. For instance, mean squared error (MSE) is commonly used for

31



regression tasks, while categorical cross-entropy is used for classification tasks. Accuracy is

a measure of the proportion of correct predictions made by the model out of all predictions.

It is particularly useful in classification problems where the goal is to categorize inputs into

discrete classes. Categorical cross-entropy (also known as softmax loss) is a loss function

used for classification tasks where each input sample belongs to one of multiple classes. It

is defined as follows:

Loss = −
N∑

i=1

C∑

c=1

yi,c log(ŷi,c) (4.1)

where:

• N is the number of samples.

• C is the number of classes.

• yi,c is the binary indicator (0 or 1) if class label c is the correct classification for sample

i.

• ŷi,c is the predicted probability of sample i belonging to class c.

Figure 4.1: Loss Function Graph

Categorical Cross-Entropy provides a clear probabilistic interpretation of the model’s

output, which is useful for understanding and calibrating the model’s predictions. When

used with a softmax activation function in the output layer, it ensures that the outputs form
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a valid probability distribution that sums to 1, making it easy to interpret the predicted class

probabilities. A constant decrease in training and validation losses is seen when examining

the loss graph in Figure 4.1, suggesting that the loss function was effectively minimized

during the training and validation stages. The model’s good performance on unknown data

and ability to reduce prediction mistakes are indicated by the low losses. Furthermore, it

appears that the model has not been overfitted based on the minimal difference between

the validation and training losses.

Further, the model is also evaluated with several metrics to measure its potency. To

calculate these metrics, four different parameters are used, these will include:

• True Positive (TP): is the total of successfully categorized positive class records.

• True Negative (TN): is the total of successfully categorized negative class records.

• False Positive (FP): is the total of incorrectly categorized positive class records.

• False Negative (FN): is the total of incorrectly categorized negative class records

These four parameters can be used to calculate various evaluation metrics such as ac-

curacy, precision, recall, and F1-score, which provide insights into the performance of the

classification model. Based on the purpose of the model, priority is given to various metrics.

4.1.1 Accuracy

The percentage of correctly identified occurrences—both true positives and true negatives

out of all the examples in the dataset is known as accuracy. In case of an imbalanced

dataset, accuracy may give a misleading picture. For the dataset, since the minority class

occupies 47 percent of the whole dataset, and the class imbalance is not large, accuracy of

the model can give an overall sense of how well the model performs

Accuracy =
TP + TN

TP + TN+ FP + FN
(4.2)

4.1.2 Precision

Precision gauges how well the model predicts positive results. It is the proportion of ac-

tual positives to all cases that were projected to be positive. Precision is an important

metric when there is a need to reduce false positives. A high precision guarantees that

the model’s fire prediction will likely be accurate, which lowers the number of false alarms.
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Although undesirable, an emphasis on precision alone could cause some genuine wildfires to

go unnoticed.

Precision =
TP

TP + FP
(4.3)

4.1.3 Recall

Recall, also referred to as true positives, measures the model’s capacity to locate all posi-

tive instances within the dataset .When false negatives i.e missed positive instances become

expensive, or when we need to reduce false negatives, it becomes imperative. When dealing

with the credible threat of wildfires, it is highly crucial to reduce the occurrence of false

negatives or incidences where wildfire occurred, even though the model predicted no such

occurrence.

Recall =
TP

TP + FN
(4.4)

4.1.4 F1- Score

The harmonic mean of recall and precision is known as F1 score. Due to its consideration

of both false positives and false negatives, it offers a fair assessment of a model’s effective-

ness.Because it incorporates false positives and false negatives, providing a thorough picture

of the model’s performance, it is a useful metric when testing model capacity for predicting

wildfires.

F1 Score =
2 · Precision · Recall
Precision + Recall

(4.5)

Tests on the validation data set have shown fire prediction accuracy of over 82 percent

with a recall of 92 percent. The high recall is especially important as high false negatives

can be highly detrimental when dealing with predicting wildfires. As we can see from

the classification report in Figure 4.2, the high recall shows the potential of the model to

accurately predict wildfires while maintaining comparatively low levels of false negatives,

showing the robustness of the model.

The Receiver Operating Characteristic (ROC) curve in Figure 4.3 is a crucial tool in

evaluating and understanding the performance of binary classification models. The ROC

curve for each class represents the trade-off between the True Positive Rate (TPR), also
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Figure 4.2: Classification Report

Figure 4.3: ROC Curve
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known as Recall or Sensitivity, and the False Positive Rate (FPR). The area under the ROC

curve (AUC) is a measure of how well the model can distinguish between the two classes.

A ROC curve with an AUC of 0.85 for class 0 (No Wildfire) and ROC curve with an AUC

of 0.87 for class 1 (Wildfire) indicates that the model has good discriminative ability.

4.1.5 Model Evaluation under specific conditions :

Predicting the occurrence of wildfires across different satellite images with cloud cover, haze,

and diverse vegetation has given promising results. A Confidence Level is the probability

that a model gets to (or is close to) an estimated prediction every time it is used. In

machine learning, confidence intervals are crucial in quantifying the uncertainty associated

with model predictions and parameter estimates. The probability values produced by the

softmax or sigmoid functions are interpreted as confidence scores. The softmax function

outputs a probability value between 0 and 1 for a class. The softmax function is defined as

follows:

σ(z)i =
ezi

∑K
j=1 e

zj
(4.6)

where:

• z = (z1, z2, . . . , zK) is the vector of logits (raw scores) from the neural network.

• K is the number of classes.

• σ(z)i is the output probability for class i.

• e is the base of the natural logarithm (Euler’s number).

If a softmax output for a certain class is 0.95, the model is 95% confident that the input

belongs to the positive class or the label for the class.

Model Performance under Hazy conditions

Imagery recorded using satellite sensors operating at visible wavelengths can be contami-

nated by atmospheric haze. Atmospheric haze in satellite images is caused by the scattering

and absorption of sunlight by particles and gases in the Earth’s atmosphere. It can be caused

by aerosols, dust, pollutants, etc. The presence of haze can reduce the reliability of the im-

agery [53]. Therefore having an effective method for testing the potency of the model in the

presence of such contamination is crucial. Image data was taken from the dataset having

haze cover where wildfire was predicted and tested against model prediction for the same.

The model was able to predict wildfire occurrence in hazy images with high confidence.
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Figure 4.4: Model Predictions for hazy images

Model Performance under Cloud cover

Cloud cover can block the view of the Earth’s surface, obscuring important features such

as vegetation, water bodies, and urban areas. This leads to incomplete or missing data,

making it difficult for deep-learning models to identify and analyze ground features accu-

rately. Further, cloud cover can introduce variability in the data that is not related to the

actual features of interest. This variability can affect the deep learning model’s capacity to

glean pertinent features and reduce its accuracy. For this purpose, several tests were done,

specifically testing the veracity of the model in dealing with cloud cover, and the model

was able to accurately predict the occurrence of wildfires for the same with high confidence.

This is promising as the model shows the ability to navigate a key challenge in the use of

satellite images for wildfire prediction.
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Figure 4.5: Model Predictions for images having cloud cover

Diverse landscape

The dataset consists of satellite images detailing forest fires that primarily occurred in

southern Quebec. The dataset consists of images having varying vegetation, and infrastruc-

ture specific to the region. Despite being limited to a single geographic location the dataset

contains images having different densities/types of vegetation alongside data for wildfires

detected in regions that have high levels of city-like infrastructure as well. After training,

model validation has proved the capacity of the model to successfully predict wildfires across

these various topologies and ecologies of the region. The model predicted wildfire occur-

rence in diverse vegetation areas with a high confidence of 97%. However, the confidence

dropped to just over 74% when dealing with the occurrence of wildfires in regions having

city-like infrastructure.
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Figure 4.6: Model Predictions under city infrastructure

Figure 4.7: Model Predictions under areas with diverse vegitation
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4.2 Comparison of Models

MobileNetV3 is a light and efficient model designed to work with devices having low comput-

ing power. In this section, the performance of MobileNetV3 is compared with that of larger

transfer learning models like ResNet50 and VGG19. Evaluation of various algorithms for

object recognition and picture classification at a large scale is conducted via the ImageNet

Large Scale Visual Recognition Challenge (ILSVRC). Resnet secured 1st place at ILSVRC

2015 in image classification, detection, and localization. VGG was the runner up in the

preceding year. Both these models outperformed other models like GoogLeNet in several

parameters. Due to their powerful performance, in this section, we evaluate the efficacy

of the MobilenNetV3 model when compared to larger models like ResNet50 and VGG19.

The parameters and model architecture have been kept the same to have a comparable

evaluation.

4.2.1 ResNet50

ResNet50 is a deep convolutional neural network (CNN) architecture that was developed by

Microsoft Research in 2015 [59]. It is a variant of the popular ResNet architecture, which

stands for “Residual Network.” The “50” in the name refers to the number of layers in the

network, which is 50 layers deep.

When deeper networks begin to converge, a degradation problem emerges: as the net-

work depth increases, accuracy reaches a plateau and then subsequently deteriorates. Sur-

prisingly, this decline is not due to overfitting. Instead, adding more layers to an adequately

deep model results in increased training error, as noted in study [60].In [59], researchers tack-

led the degradation problem by introducing a deep residual learning framework. Instead

of aiming for each set of stacked layers to directly match the desired underlying mapping,

they enabled these layers to fit a residual mapping. Lets look at this in further detail in the

following sections.

Residual Learning

Generally, the stacked nonlinear layers are fitted to a new mapping F (z) where F (z) :=

H(z)−z, if the intended mapping is indicated as H(z). Consequently, F (z)+z becomes the

new formulation of the original mapping. Use of feed forward neural networks with ”shortcut

connections” can be utilized to implement the formulation. As the name implies, shortcut

connections, also known as skip connections, bypass some of the neural network’s layers and

use the output of one layer as the input for subsequent levels. In this scenario, the shortcut
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connections perform an identity mapping, and their outputs are added to the outputs of the

stacked layers (as illustrated in Fig. 4.8). The degradation problem, where a deeper model

has a higher training error than a shallower model indicates that solvers might struggle to

approximate identity mappings using multiple nonlinear layers. With the residual learning

reformulation, if identity mappings are optimal, the solvers can essentially drive the weights

of the multiple nonlinear layers toward zero to approximate identity mappings [59].

Figure 4.8: Residual learning

Identity Mapping

In practical scenarios, identity mappings are rarely optimal. However, researchers in [59]

investigated if reformulating the problem with identity mappings could aid in precondition-

ing. They proposed that if the optimal function is closer to an identity mapping than to

a zero mapping, the solver might more easily identify perturbations relative to an identity

mapping rather than learning the function from scratch. Their findings indicated that the

learned residual functions generally had small responses, supporting the idea that identity

mappings offer effective preconditioning.

A building block can be defined as:

o = F (z, {Wi}) + z. (4.7)

Here z and o are the input and output vectors of the layers considered respectively. The

function F (z, {Wi}) represents the residual mapping to be learned. In Fig.4.8 that has two

layers, F = W2σ(W1z) in which σ denotes ReLU. The dimensions of z and F must be equal

in Eqn. (4.3). If this is not the case, a linear projection Ws will then be performed by the
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shortcut connections to match the dimensions as shown in Eqn (4.4):

o = F (z, {Wi}) +Wsz (4.8)

Resnet 50 Architecture

The ResNet50 architecture comprises four primary components: the convolutional layers,

the identity block, the convolutional block, and the fully connected layers. The convolu-

tional layers extract features from the input image, the identity block and convolutional

block process and transform these features, and the fully connected layers perform the final

classification.The Resnet50 architecture can be seen in Figure 4.9

ResNet50 is an advanced deep convolutional neural network architecture designed by

Microsoft Research in 2015. As a version of the well-known ResNet architecture, it features

50 layers, allowing it to learn significantly deeper models compared to earlier architectures,

while effectively addressing the issue of vanishing gradients.ResNet50, having been trained

on the extensive ImageNet dataset, is a robust model well-suited for numerous image clas-

sification tasks including object detection, facial recognition, and medical image analysis.

Moreover, it can serve as a feature extractor for other applications such as object detection

and semantic segmentation.
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Figure 4.9: ResNet 50 Architecture
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Resnet Model Architecture

The Resnet50 model architecture is the same as shown in Section 3.3. With the use of

Imagenet, the model will have the ability to acquire a diverse range of features and repre-

sentations. This pre-training step equips Resnet50 with a powerful initial set of weights and

feature descriptions. The augmented data set will be passed to the neural weights along

with the weights of the pre-trained Resnet50 model. The neural network architecture will

be the same as for MobileNetV3 used in Section 3.3.2, using a series of fully connected

layers with ReLu activation and a dropout rate of 20% to better the generalization capacity

of the model. The model architecture is given in Figure 4.10.

Figure 4.10: Model Architecture with Resnet50

While plotting the loss graph in Figure 4.11, we can see that the training and validation

loss reducing consistently. It indicates that the model is performing well in terms of mini-

mizing the loss function during training and validation. Having low losses means that the

model is efficient in minimizing prediction errors and is performing well on unseen data as

well.Further, we can see a lack of significant gap between the train loss and val loss. This

shows that the model has not been overfitted.
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Figure 4.11: Loss function graph for Resnet50

4.2.2 VGG19

Simonyan and Zisserman from the University of Oxford developed a 19-layer convolutional

neural network (CNN) architecture comprising 16 convolutional and three fully-connected

layers [62]. It is known as the VGG-19 model.VGG is short for Visual Geometry Group

and follows a classic deep Convolutional Neural Network (CNN) architecture with multiple

layers. The term ”deep” refers to the number of layers, with VGG-16 and VGG-19 having

16 and 19 convolutional layers, respectively.

To manage the complexity introduced by deep architectures, VGG-19 adopts small 3×3

filters across all convolutional layers, demonstrating its effectiveness with a commendable

7.3 percent error rate. While VGG-19 did not achieve first place in the ILSVRC 2014

competition, its publication significantly influenced the field by reaffirming the importance

of deep layer architectures in CNNs for effectively learning hierarchical representations of

visual data [63].

The VGG network has five configurations named A to E. The depth of the configura-

tion increases from left (A) to right (B), with more layers added. The potential network

architectures are described in table [63, Table 4.1].
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A A-LRN B C D E

11 weight layers 11 weight layers 13 weight layers 16 weight layers 16 weight layers 19 weight layers

input (224 × 224 RGB image)

conv3-64
conv3-64
LRN

conv3-64
conv3-64

conv3-64
conv3-64

conv3-64
conv3-64

conv3-64
conv3-64

maxpool

conv3-128 conv3-128
conv3-128
conv3-128

conv3-128
conv3-128

conv3-128
conv3-128

conv3-128
conv3-128

maxpool

conv3-256
conv3-256

conv3-256
conv3-256

conv3-256
conv3-256

conv3-256
conv3-256
conv1-256

conv3-256
conv3-256
conv3-256

conv3-256
conv3-256
conv3-256
conv3-256

maxpool

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512
conv1-512

conv3-512
conv3-512
conv3-512

conv3-512
conv3-512
conv3-512
conv3-512

maxpool

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512
conv1-512

conv3-512
conv3-512
conv3-512

conv3-512
conv3-512
conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

Table 4.1: Vgg Configuration

VGG19 Model Architecture

The VGG19 model architecture used will also be the same as the ResNet50 model and the

MobileNetV3 model. With the help of Imagenet, the model will have the ability to acquire

a diverse range of features and representations. The augmented data set will be passed to

the neural weights along with the weights of the pre-trained VGG19 model. The neural

network architecture will be the same as Section 3.3, using a series of fully connected layers

with ReLu activation and a dropout rate of 20% to better the generalization capacity of

the model. The model architecture is given in Figure 4.12.
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Figure 4.12: Model Architecture with VGG19

When analyzing the loss graph in Figure 4.13, we observe a consistent decrease in both

training and validation losses, indicating effective minimization of the loss function during

both training and validation phases. The low losses signify the model’s proficiency in

reducing prediction errors and its strong performance on unseen data. Furthermore, the

minimal difference between the training and validation losses suggests that the model has

not been overfitted.

Figure 4.13: Loss function graph for VGG19
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4.2.3 Comparison of model performance

One of the most significant factors in evaluating the performance of a deep learning model is

the time it takes to train. Efficient training times enable quicker iterations and more rapid

deployment of models, which is particularly crucial in time-sensitive applications such as

wildfire prediction. The comparison of MobileNetV3, ResNet50, and VGG19 for wildfire

prediction reveals significant insights into their efficiency, accuracy, and recall as seen in

Figures 4.14 and 4.15. MobileNetV3 stands out for its efficiency, requiring significantly

less training time compared to its more complex counterparts. Specifically, ResNet50 takes

approximately 3.14 times longer, and VGG19 takes nearly six times longer to train than

MobileNetV3. ResNet50 and VGG19, with accuracies of 90% and 95%, respectively, and

both having a recall of 99%, demonstrate higher performance but at the cost of significantly

increased training times due to their more complex architectures.

Despite its shorter training time, MobileNetV3 achieves an accuracy of 82% and a recall

of 92%. When compared to ResNet50, MobileNetV3 achieves 91% of ResNet50’s accuracy

and 92% of its recall. Similarly, MobileNetV3 reaches 86% of VGG19’s accuracy and 92%

of VGG19’s recall. This comparison highlights the trade-off between efficiency and perfor-

mance, with MobileNetV3 offering a substantial advantage in terms of efficiency, making

it an attractive choice for scenarios with limited computational resources or time. The

space complexity of the MobileNetV3 model, or the total parameters in the model, which

indicates the total number of parameters (weights and biases) that need to be stored in

memory to represent the model, is 3,351,458 parameters. For ResNet50, the space com-

plexity increases to 24,221,346 parameters, and for VGG 19, it is 20,264,802 parameters.

The space complexity for the ResNet50 model is the highest. The gap between the space

complexity requirements of MobileNetV3, when compared with ResNet50 and VGG19, is

quite high. ResNet50 model employs over seven times the number of parameters needed

for MobileNetV3, while VGG19 uses over six times the number of weights and biases re-

quired by MobileNetV3 model. MobileNetV3’s balance of good accuracy and high recall,

combined with its minimal training time, makes it ideal for deployment on edge devices, fa-

cilitating faster model iterations and deployment which is crucial for dynamic environments

like wildfire prediction.MobileNetV3’s adaptability to various hardware platforms without

significant performance loss is a key advantage, enhancing the accessibility and scalability

of wildfire prediction systems. This flexibility allows for integration into a wide range of

systems, from cloud-based infrastructures to low-power edge devices, thereby improving the

accessibility and scalability of wildfire prediction systems. The integration of these mod-

els into a comprehensive wildfire prediction system can significantly enhance early warning

capabilities, improving preparedness and response strategies to mitigate the devastating

impacts of wildfires.
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Figure 4.14: Training time comparison

Figure 4.15: Accuracy and Recall Comparison
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4.2.4 Comparison of model performance under specific conditions

In section 4.1.5, the performance of MobileNetv3 was evaluated when tested for images

having diverse conditions inclusing hazy images, cloud cover and diverse landscapes. As

with the MobileNetV3 model, we evaluate the capacity of both Resnet50 and VGG19 models

to predict the occurrence of wildfires under different situations.

Model Performance under Hazy conditions

Both the ResNet50 and VGG19 models were tested for their capacity to predict wildfires

in images affected by haze cover. They demonstrated strong performance, accurately pre-

dicting wildfire occurrences under hazy conditions with a confidence of 98.28% and 99.73%,

respectively. Despite being a lighter model, MobileNetV3 also performed well, achieving a

prediction confidence of 97.71%. This underscores MobileNetV3’s efficient use of computa-

tional resources while maintaining competitive predictive accuracy in challenging conditions

such as haze-covered images.

Figure 4.16: Model Predictions under hazy conditions for Resnet50 on the left and VGG19
on the right respectively

Model Performance under Cloud cover

Both the ResNet50 and VGG19 models demonstrated robust capability in predicting wild-

fire occurrences from images with cloud cover, achieving a high confidence level of 99.96%

and 99.98%, respectively. Despite its lighter architecture, MobileNetV3 also achieved a com-
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parable performance, predicting with a confidence level of 99.96%, equivalent to ResNet50,

and very close to VGG19. This highlights MobileNetV3’s efficiency and effectiveness in han-

dling cloud-covered images for wildfire prediction, showcasing its suitability for applications

where computational resources are constrained.

Figure 4.17: Model Predictions under cloud cover for Resnet50 on the left and VGG19 on
the right respectively

Model Performance for diverse regions

In evaluating the capabilities of ResNet50, VGG19, and MobileNetV3 in predicting wildfires

across different environments, notable distinctions emerged. Across diverse vegetation set-

tings, ResNet50 and VGG19 exhibited exceptional performance, accurately predicting wild-

fire occurrences with confidence levels of 99.99% and 99.93%, respectively. MobileNetV3 also

demonstrated strong predictive ability with a confidence of 97.64%. When applied to regions

resembling city infrastructure, all three models maintained predictive accuracy. ResNet50

achieved a confidence level of 75.55%, while VGG19’s accuracy decreased to 62.06%. Sur-

passing VGG19 and showing confidence levels on par with ResNet50, MobileNetV3 excelled

with a confidence level of 74.23%. These findings underscore the robustness of these models

in varying environmental contexts, highlighting their potential utility in wildfire prediction

systems tailored for diverse landscapes and urban settings.MobileNetV3’s notable perfor-

mance is particularly striking, considering its significantly shorter training time compared

to ResNet50 and VGG19.
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Figure 4.18: Model Predictions under diverse vegetative cover for Resnet50 on the left and
VGG19 on the right respectively

Figure 4.19: Model Predictions under city infrastructure for Resnet50 on the left and VGG19
on the right respectively
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When tested and evaluated under various conditions, MobileNetV3 despite being a

lighter and effective model has shown great robustness and has demonstrated its capac-

ity to compete with large models like Resnet50 and in some areas provide prediction with

greater confidence than a larger model like VGG19 as well.
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Chapter 5

Conclusion and Future Works

The creation of a powerful machine learning model that can predict wildfires while maintain-

ing high accuracy and providing timely information is the need of the hour. In this section

we will look into certain avenues which need to be explored further to bolster the use of

deep learning models to comprehensively and robustly predict the occurrence of wildfires

from satellite images while also highlighting the key outcomes of the research.

5.1 Future works

While the present research has provided avenues of using transfer learning to adequately

tackle the challenge of predicting wildfires from a homogeneous data source, there are still

certain aspects that will need to be looked at in the future. Satellite images, although

global in their reach and capacity, are very expensive to acquire. Thus, the creation of a

diverse dataset consisting of satellite images across a diverse set of topological and ecological

conditions, consisting of precise information regarding wildfires will be greatly beneficial to

tackle the issue more robustly.

5.1.1 Timely response:

Timely warnings in satellite image wildfire prediction are crucial for minimizing the devas-

tating impacts of wildfires on both human and natural environments. The ability to detect

and predict wildfires accurately and quickly allows for prompt responses, which can save

lives, protect property, and preserve ecosystems. The dataset consists of images of regions

where wildfire was predicted. However, the dataset does not provide a specific timeframe for

when fire was detected from when the image was taken. The development of a model that
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can predict wildfires and provide timely warnings for the same will need to be looked at. For

the development of the model, data consisting of the time difference between the occurrence

of wildfires and the time of image capture will need to be captured and processed. This will

be useful in increasing the ability of the model to provide early and accurate warnings al-

lowing for proactive measures that will significantly mitigate the adverse effects of wildfires,

ensuring a safer and more resilient future for affected communities and environments.

5.1.2 Accommodating diverse topology/ weather conditions:

Accommodating diverse topology in satellite image wildfire prediction is crucial for develop-

ing accurate and reliable models that can effectively predict and manage wildfires. Diverse

topologies, such as forests, mountains, plains, and urban areas, present unique challenges

and behaviors during wildfire events. Different topographies influence how wildfires ignite,

spread, and extinguish. Accommodating diverse weather conditions is also needed in satel-

lite image wildfire prediction for developing robust and accurate models. Incorporating

real-time and historical weather data into wildfire prediction models allows for dynamic ad-

justments based on current and forecasted weather conditions. This leads to more accurate

and timely predictions. The dataset consists of data of forest fires that occurred mainly

in the territory of southern Quebec, acquiring and training the model on a diverse dataset

consisting of data from different geographical locations will increase the generalization as

predictive capabilities of the model.

5.2 Conclusion:

In this research paper, the capacity of MobileNetV3, a transfer learning model to suc-

cessfully predict wildfires from satellite images having no active wildfire spots, has been

demonstrated. By leveraging the pre-trained capabilities of MobileNetV3 on the ImageNet

dataset and subsequently fine-tuning it on our dataset, we achieved an impressive accuracy

of over 82 % and a recall of 92 % percent. This high recall rate is particularly significant,

as it indicates the model’s strong ability to correctly identify actual wildfire occurrences.

The model has demonstrated the ability to tackle a key problem, developing the capacity to

predict small-scale wildfires without the need for heterogeneous data collection using satel-

lite images that do not have any active wildfire spots. This has been enabled with the help

of the dataset, which includes images of areas where small wildfires occurred, with wildfire

spots just over 0.01 acres, enabling the model to predict minor fire incidents. This capacity

to predict small wildfires using a homogeneous data source increases the novelty of the work.

This capability is crucial for early wildfire detection, enabling timely interventions that can
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prevent small fires from escalating into large, uncontrollable blazes. Additionally, the model

has been able to predict wildfires despite the presence of cloud cover and atmospheric haze.

However, there are several avenues for future studies to enhance the model’s effectiveness

further. One critical area is the development of capabilities to provide timely information

regarding the timeframe of wildfire occurrences. This would enable more robust predictions,

aiding in the rapid deployment of firefighting resources. Moreover, enhancing the model’s

ability to generalize across varying terrains, ecological settings, and weather conditions

across different geographic locations will significantly broaden the scope of application.
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