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Abstract

Recent studies suggest that due to climate change the number of wildfires across
the globe will be increasing. Recently, massive wildfires hit Australia during the 2019-
2020 summer season where 46 million acres of land burnt. This fire disaster is raising
questions to what extent the risk of wildfires can be linked to various climate, environ-
mental, topographical, and social factors and how to predict fire occurrence to take
preventive measures. This study investigates the Australian wildfires-based on free re-
motely sensed data from Earth observation to uncover the general insights. In the last
few years, machine learning (ML) has demonstrated to be successful in many do-
mains due to its capability of learning from obvious but also hidden relationships. One
of the aims of this study is to create an automatized process of creating a fire training
dataset at a continental level with an efficient computational expense for the ML
algorithms. These results of fire occurrence and no-fire occurrence locations are
mapped alongside with fire causal factors. The training dataset is applied to different
ML algorithms, such as Random Forest (RF), Naive Bayes (NB), and Classification and
Regression Tree (CART). The ML algorithm with the best performance, the RF model,
is used to identify the driving factors using variable importance analysis. Typically, a
model can learn certain properties from a training dataset to make predictions. Thus,
the overall objective of this study is to disclose the fire occurrence probability across
Australia as well as identify the driving factors of wildfires applying the fire occurrence
dataset from the 2019-2020 summer season. Improved preventive measures can be
implemented in the fire-prone areas to reduce the risk of wildfires in Australia by con-

sidering the identified factors.

Keywords: remote sensing, wildfires, Australia, fire severity, random forest, machine

learning

Author: Andrea Sulova
Supervisor: Prof. Dr. Jamal Jokar Arsanjani
Education: MSc in Geoinformatics, Master’s programme

University: Aalborg University Copenhagen, Denmark



Preface

This master’s thesis summarizes my last semester of the master’s programme in Geoin-
formatics at Aalborg University. The main goals of the master’s thesis are to uncover
the features of Australian wildfires by applying remote sensing data, to identify the
driving factors associated with wildfire events during the 2019-2020 season and pre-

dict the wildfire locations.

The inspiration for the master’s thesis originates from both passion to gain more
knowledge related to remote sensing and eagerness to take action against climate

change, as one of its direct consequences are wildfires.

| would like to express my gratitude to my supervisor, Prof. Dr. Jamal Jokar Arsanjani,
for the exceptional cooperation and his valuable support throughout the entire the-
sis. Additionally, my deepest gratitude belongs to my boyfriend and my sisters for their

constant support and continuous encouragement throughout my years of studies.

| hope this study and its results bring new insights into the wildfires and will be valuable
for future research. The JavaScript codes can be obtained from the GitHub repository

https://github.com/sulova/AustraliaFires.


file:///C:/Users/sulova%20andrea/Downloads/GitHub%20repository

List of Figures

Figure 1 - Spectral radiance of fire against the various typical background as a function of wavelength

Figure 3 - Contrast of the spectral response curve for heathy vegetation and burnt areas Source: U.S.

FOTEST SEIVICE ..ttt ettt ettt ettt e a e bt e e bt e b e e bt et e e bt emtesetesaeenaeeneenee 16
Figure 4 - An example of the RF classification fre@s SITUCTUIE.........ccueeioceieeeeee e 19
FIQUIE 5 = BAYES TNEOIEM.....ooeeeeeeee et e e et e e e e e e e e e etae e e eeae e e eeateeeeetaeeeenns 20
FIQUre 6 - TRE CONTUSION MIQITIX ...eiieitiee et e et e et e e ettt e e e et e e e et e e e eetaeeeeeaeeeeeteeeeeerseeeanns 21
Figure 7 - The area of interest defined by the Australian mainland boUNAS............ccocveeeeviiiiciieeeeieeen, 24

Figure 8 - Total number of fire locations over 2019 and partially for the 2020 year over the Australian
TNIGUNIGINA ettt ettt et s et e e ab e e s e bt e ettt s bt e e ab et sa b e e eab e e sabeeeabeeeabeeeabeesabaeeaneeeas 25
Figure 9 - Spatial distribution of monthly precipitation (mm/month) in Australia during January 2020 -
February 2020 using the daily CHIRPS AQTASET ........oiieeiiieciie ettt et e ave e e eva e e e e vneaeeaes 26
Figure 10 - Mean annual temperature in Australia since 1979 10 2019 ......ooocviieccieeeeeieeeeeeee e 27
Figure 11 - Total number of pixels presenting active fire annually (15t January 2001 to 1t March 2020)..28
Figure 12 - Total number of fire locations over a year for nearly one decade (15t January 2010 to 1st
March 2020), 1km pixel contains one or more fire locations within @ 500 M radius ..........ccceceevveeneeennen. 29
Figure 13 - Distribution of fire events based on the FIRMS dataset from January 2019 to February 2020 30

Figure 14 - The flowchart of processes employed in the study for generating the predictive model in GEE

Figure 15 - The flowchart of fire occurrence locations applied in methodology ..........ccecevveeccieeeeciieeeen, 33

Figure 16 - The non-cloud-masked composite (left), The cloud and water-free masked composite (right)

Figure 17 - An example of one wildfire used to illustrate the resulfs from processes of burnt area selection.
a) dNBR, b) dNBR with FIRMS vector fire area, c) dNBR with FIRM fire vector area and threshold areas d)
dNBR with FIRMS vector fire area and threshold areas and selected areas bigger than 0,25 km?.......... 35
Figure 18 - Topographical factors: elevation, QspeCt QNA SIOPE ........ccccviveeeciieecie et ee e 38

Figure 19 - Environmental factors: land cover (the legend is in Appendix), soil depth, soil moisture,

drought severity INAEX QNGO NDVl...c...cooiiiiiiiiiiiiteeee ettt sttt sttt sttt e st esbeesbaesbeeens 39
Figure 20 - The example of an image obtained based on statistic function over image collection....... 40
Figure 21 - Climate factors: precipitation, maximum temperature and wind speed.........ccccoccvveeeeevveeenns 40
Figure 22 - Socio-economic factors: GHM, population, electric lines and distance from roads.............. 41
Figure 23 - Merging all predictor variables into the final image (JavaScript GEE SCript) ......vevvevveeeecveeens 42
Figure 24 - Creating the raiNiNg SAMPDIE.......cc.ciiiiiiiie ettt sttt st 42
Figure 25 - ML supervised classification, namely RF, applied in the GEE interface .........ccccocveevevveeecvieeens 43
Figure 26 - The probability function in GEE for mapping of fire probability. .........cccceeeviieeeciieeiniieeeecieeeens 43
FiIQUIe 27 - ACCUIQCY QSSESSIMENT ... .viiieeiiieeeiiee ettt e eettee e st te e ettt e sessaaeesststeeassaeesssssaeesstseaeassseesassseeessseeeanes 44
Figure 28 - The distribution of fire and no-fire points from the automated ProCess.........ccccvveevcveeercvveeenns 45

Figure 29 - An example of wildfire in pre-fire and post-fire RGB imagery and monthly active fire from the

Sentinel-2 mission for visual verificQtion Of fir@ POINTS. ...cccccuueeeie e 46



Figure 30 - The accuracy of CART models with a different number of leaf nodes applied...................... 48

Figure 31 - The accuracy of RD models with a different number of trees applied .........cccccceeeeeeeeecnneenn. 48
Figure 32 - The variable importance analysis based on the RF MOdel .........cc.oooeveiieciiieeeiiieeeceeeeeeee, 49
Figure 33 - The fire susceptibility map using the RF MOQE! .......c...oioecuiiiiiiiieeeiiie ettt 50
Figure 34 - The fire susceptibility map with classes using the RF model .........ccccovvveeeeciiieeciiie e S1



List of Tables

Table 1 - The burnt severity categories based on ANBR according to the USGS.........cooeviiieiieeeeciinen, 17
Table 2 - Kappa value interpretation according to CONEN (1977) e 22
Table 3 - The list and description of variable datasets included in the Study ......cccccooovvieeciiiiiciieeeeeeeen, 37
Table 4 - Overall statistics of the accuracy assessment results of ML Qlgorithms.......ccuveeeeeveeeecieeeecieeeens 47



Definitions and acronyms

Name

Application Programming Interface

Classification and Regression Tree

Copernicus Global Land Service

Convolutional Neural Network

Cascading Style Sheets

Digital Elevation Model

Difference Normal Burn Ratio

European Cenfre for Medium-Range Weather Forecasts
European Cenftre for Medium-Range Weather Forecast Reanalysis
European Space Agency

The Fire Information for Resource Management System
Google Erath Engine

Geographical Information System

Hypertext Mark-up Language

JavaScript

Middle Infrared

Machine Learning

Naive Bayes

Normal Burn Ratio

Normalized Difference Vegetation Index

Normalized Difference Water Index

Near-infrared

National Oceanic and Atmospheric Administration-Advanced Very

High-Resolution Radiometer
Open Street Map

Random Forest

Synthetic Aperture Radar

Shuttle Radar Topography Mission
Shortwave Infrared

Thermal Infrared Range

Acronym
API
CART
CGLS
CNN
CSS
DEM
dNBR
ECMWEF
ERAS
ESA
FIRMS
GEE
GIS
HTML
JS
MIR
ML
NB
NBR
NDVI
NDWI
NIR

NOAA-AVHRR

OSM
RF
SAR
SRTM
SWIR
TIR



Table of contents

1

AW

O 0

c INITOAUCTION <.t e et e e saaeee e 10
1.1Problem statement and research QUESTIONS .......cevveiiiiiiiiiiiiiiieeeeeeeceeeeeeeeeeee, 11
T.2TNESIS STTUCTUIE ...ttt ettt e e e e et e e e e ibeeee e e 12

. BACKGrouNd ANA thEOIY ... 13
2.1 Application of remote sensing iNn WIlAFIres ............uuevviiiiiiiiiiiiiiieiveaiaaens 13
2.28NTHNEI MISSIONS ...eeiieitiee ettt et e e et e e et e e e e ae e e e saneeeeenaas 15
2.3NOrMANIZEA PUM OO ..ttt e e 16
2.4Machine learning QlGOMTNMS .......uuieeiiiiiii e —a——a—aaaaa———. 17

2.4.1 Classification and regression fre€.........o 18
2.4.2RANAOM OISttt e e e e e e e 19
2. 4.3NAIVE BOYES ..o 20
2.5 ACCUraCY QSSESSMENT TNEOIY ....ciiiiieiiieeeeeeeeeee e 20
2.6Variable IMPOrtaNCE ANAIYSIS ...iiiieeeeiiiieiee e ee e e e e erareeeeae s 22
2.7TECNNOIOFY ettt e e et eee e e e e e e e e e et eaeeeeeeeeesar e aaaaaaaaaas 22
2. 8STUAY OFEQ ..t e e e e e e e e e e e e e e e e e s e e e eeeeseenees 23
2.91dentify the period of the fire season 2019-2020 ........cceeeeeeiiiiiiieieeeeeeeeciieeeeeeee, 24

. EXPlOratory Ot ANGIYSIS. ... 27

e METNOAOIOGY e e s 31
4.1Data MiNING AN Pre-PrOCESSING ...vvvvrrrrrrrrrerrrrrrrreerrrrrrerrsrssrrrrrrrsseeer..—————————————————. 32

4.1.1Dependent VAMNADIE .......cciiieeee et e e e e e e 32
4.1.2Independent VArQDIES ......ovvieeiieiieeeee e 36
4.2 ClOSSITICATION .ttt ettt e e e e et e e e e e e e e e saarbaaeeeeeeeeennsssaaeeaaaeens 42
4.3V ANAGTION .ttt e ettt e e ettt e e et e e e eabreee e 43

e R S U S s 45
S5.1Fire OCCUITENCE lOCATION. ...ttt e e e 45
5.2Accuracy assessment of ML QlgOrithmsS..........eeeeiiiiiiiiiv s 46
5.3Importance of conditioning fACTOrS.......uuviiii e, 49
S.APrediCtiVe MOGAE! ...ciiiiiiiiee et e e 50

o DISCUSSION 1.ttt ettt ettt et e sate e ettt e st e 52

o CONCIUSION .ttt ettt e ettt e e ettt e e e sttt e e e e bbbt e e e enaeeeeenans 55
7.1Sustainable development QOQIS .........uveviiii i 56

c FUTUIE WOTK ettt e et e e st e e e 57

1] ol[TeTe o] o] o) V2 Nu USSR 58



10.

AppendiX ......cceeeeen....

A. LONA COVEI DESCIIDTION L.uutiiiiiiiiiiiiiiiiiieiiiitiiittiaaeaataaaaaaaaaaaaaasasssssassasasesassassssassanes

B. Random Forest Model



1. Introduction

Australia has been seriously affected by the fire events known as “Black Summer”
during the 2019-2020 summer season [1]. At least 46 million acres of land have burnt
[2] and “fires near me” has become Google's most searched words in Australia dur-
ing that fire season [3]. This fire disaster is raising a question to what extent the risk of

wildfires can be linked to various climate, environmental and social factors.

Nowadays, wildfire disaster risks are being heightened globally due to climate
changes. High temperatures and prolonged dry seasons might result in unprece-
dented bushfire activity across Australia. The state temperature dataset, originating
in 1910, reveals that Australia's warmest year on record was in 2019, with the annual
national mean temperature 1.52 °C above average. The dataset also shows the rain-
falllevel was below average in all the capital cities across the 2019-2020 season. Aus-
fralia’s climate in 2019 was the driest year on record driven by record excursions and
significant heatwaves in January and December [4]. However, humans might also
play a critical role in some wildfire events as the recent study shows in Spain [5]. In this
study, most wildfires were most likely triggered by human activities as spatial patterns
of wildfire ignition are strongly linked with human access to the natural landscape,
with the proximity to urban areas and roads found to be the most important contrib-

utory factors.

The satellite remote sensing has become a common tool for large-scale area moni-
toring of ecosystems as well as spotting threats, e.g. wildfires, across the globe [6].
Multiple studies have been already conducted using remote sensing and applied

various approaches, such as Kernel Logistic Regression or Spatial Logistic Regression.

However, recently, ML approaches have rapidly progressed and achieved promising
results in the environmental sciences [7]. This led to the analyzes of the recent Aus-
tralian fires with implementing different ML algorithms, namely, Naive Bayes (NB),
Random Forest (RF), and Classification and Regression Trees (CART). This study directly
compares ML methods for wildfire mapping, and subsequently, a method with the
best achieved performance in both model training and validation is used for map-

ping the continental wildfire probability in Australia.

Moreover, this thesis aims to evaluate a set of causal variables, i.e., predictor varia-

bles, and to identify the dominant factors behind the recent wildfires in Australia.



Modelling many complex environmental and socio-economic independent varia-
bles is often a difficult task due to large resource requirements, i.e., complexity as well
as heterogeneous data formats. In that respect, most predictor variables, e.g., tem-
perature, precipitation, population, etc., are gathered from the Google Earth Engine

(GEE) data catalogue.

A training dataset in ML algorithms is an essential input supporting the model’s ability
to learn [8]. The process of generating a fraining dataset for supervised learning is
frequently manual. Due to the extensive area and wide time frame of the fire season,
it is crucial to create an automated process for generating the most representative
set of data for the model tfraining. Therefore, this thesis proposes an extensive auto-

mated framework for generating the large training dataset across entire Australia.

1.1 Problem statement and research questions

This study aims to use ML algorithms for predictions of wildfire susceptibility based on
wildfires in Australia in the 2019-2020 season and determine potential causal factors
from the variable importance analysis. Additionally, the aim of this study is to create
an automated process for generating the training dataset of fire occurrence locao-
tions over a large area using freely accessible GEE tools and its satellite imagery col-

lections. Hence, the following research questions were framed.

1) Research question: What are the main characteristics of the last decade'’s

Australian wildfires from freely available satellite datasets?g

2) Research question: Which ML algorithm outperforms other existing models

available in GEE for prediction of future fire occurrencese

3) Research question: To what extent are the various causal factors associated

with the fire locations?



1.2 Thesis structure

The structure of the thesis is split into eight chapters as follows:

The Infroduction chapter is dedicated to providing the reader with the motivation of

the thesis and the research questions.

The Background and theory chapter gives an overview of the application of satellite
remote sensing in wildfires, Sentinel missions and Normalised Burn Ratio (NBR). The ML
algorithms sub-chapter presents a summary of 3 supervised ML techniques. The used
technology and study area are described in the respective sub-chapters. The last

sub-chapter describes the determination of the 2019-2020 fire season period.

The Exploratory data analysis chapter investigates the wildfires occurrences in Aus-

tralian using the remote sensing data.

The Methodology chapter contains the three sub-chapters. The first sub-chapter
named Data mining and preprocessing and presents how the training data are gen-
erated for ML algorithms. The classification sub-chapter presents the application of
the tree ML supervised classifications. The last sub-chapter called validation evalu-

ates the performance of ML models.

In the first sub-chapter in the Results chapter, the results of an automated workflow
of fire occurrence detection are presented. The accuracy of ML algorithms applied
in this study is presented in the second section. The third sub-chapter reveals the most
important variables presented as “wildfire drivers” in fire season 2019-2020 while the

last sub-chapter provides the fire occurrence probability map.

The Discussion chapter follows from the results chapter and includes some acknowl-
edgement of the potential strengths and weaknesses of the implementation meth-

ods.

The Conclusion chapter answers the research questions and presents the impact of

this study on the achievement of sustainable development goals.

The Future chapter summarizes the potential areas of improvement and further re-

search in the area of the presented work.



2. Background and theory
The following chapter intfroduces the background and theory gathered through the

literature review. This chapter is divided intfo a few sub-chapters, each focusing on
different knowledge domains applied in this work. The first sub-chapter emphases the
application of satellite remote sensing used in fire detection. The second and third
sub-chapters are focused on the Sentinel satellite missions and the NBR definition re-
spectively. The ML algorithms sub-chapter presents the algorithms for wildfire model-
ling in GEE while the fifth sub-chapter focuses on the technology used in this work.
The study area sub-chapter presents the area of interest and the last sub-chapter

defines the time frame of fire season.

2.1 Application of remote sensing in wildfires

Satellites use different sensors which measure the intensity of radiation in a range of
the electromagnetic spectrum. Some of these sensors capture visible light or near-
infrared radiation (passive sensors), whereas other sensors measure the microwave
radiation providing its illumination. The Synthetic Aperture Radar (SAR) uses the mi-
crowaves which are capable of penetrating through the smoke at high resolution
and imaging regardless of day and night. Therefore, remotely sensed data has

played a significant role in the fight against wildfires [9].

This unique way of data collection to respond to fires depends also on rapid revisit
rates. Some satellites provide a 24-7 bird's eye perspective by observing the same
area as geostationary satellites. The launched Japanese geostationary Himawari-8
satellite provides this perspective on Australia as well as other parts of the Asian-Pa-

cific region.

Guang Hu [10] has demonstrated the potential of using weather satellite data for
real-time wildfire monitoring. The real-time information from a satellite on the spatial
extent of wildfires can help to mitigate the impact of the fire events, especially in
early detection of wildfires due to very high temporal resolution. Even though
Himawari-8 provides infrared images with a period of 10 minutes, the provided spatial
resolution is 2 km, which is not accurate enough to determine the exact spatial loca-

tion of arisen fires [10].



The detection of active fires using satellite data is based on temperature, where the
fire locations have significantly higher temperatures compared to other back-
grounds. The fire spots release electromagnetic radiation based on their temperature
and this is captured by thermal sensors of satellites [11]. To distinguish fires from the
background, it is important to use multichannel detection over the wavelengths in

the infrared range.

Figure 1 presents the comparison of radiance against the respective wavelength de-
tected on different objects. The vegetative background is important in fire identifica-
tion [11] due to it's the detective emissions contrast. For example, the difference be-
tween vegetative and fire radiance in the middle infrared (MIR) is important in deter-

mining the active fire.

The generated smoke does not normally interrupt the data acquisition linked to the
fires due to the large wavelengths of the MIR range compared to the smoke particles
which are commonly < Tum. Therefore, there is no impact of even thick smoke on

the detection of active fires [11].
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Figure 1 - Spectral radiance of fire against the various typical background as
a function of wavelength [11]



2.2 Sentinel missions

The active radar Sentinel-1 satellite and optical Sentinel-2 satellite, provided by Euro-
pean Space Agency (ESA), capture high spatial resolution and 5-day temporal reso-
lution images. The data from both satellite missions can be used to detect and mon-
itor outbreaks of fire, as each sensor has advantages, e.g. cloud penetration of Sen-

tinel-1 and sensitivity to ground moisture of Sentinel-2.

The previous research shows that the Sentinel-1 tfime-series, in combination with the
deep learning framework based on Convolutional Neural Network (CNN) can play a

significant role for both detection and tracking temporal progressions of wildfires [12].

In this study, the Sentinel-2 mission is used to detect active fires and burnt areas. This
mission is a constellation of twin satellites Sentinel-2A launched by the European Co-
pernicus program on 23 June 2015 and Sentinel-2B followed on 7 March 2017 [13].
Each Sentinel-2 satellite carries a Multi-Spectral Instrument (MSI) which has 13 spectral
bands spanning from the visible and the near-infrared (NIR) to the short-wave infrared

wavelengths (SWIR) (Figure 2).

The spatial resolution varies from 10 m to 60 m depending on the spectral band and
the temporal resolution is 5 days [14]. The Sentinel-2 mission is intfended to mostly de-
liver information for agricultural and forestry practices and applications. The orbital
swath width is 290 km. All Sentinel-2 products are projected to the Universal Transverse
Mercator (UTM) coordinate system with the World Geodetic System 84 (WGS84) da-
tum [13].
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Figure 2 - The overview of Sentinel-2 bands
Source: Resedaq, Freie Universitat, Berlin



2.3 Normalized burn ratio

Normalized Burn Ratio(NBR) helps to identify burnt areas using the Sentinel-2 dataset.
Combining multiple bands in mathematical algorithms can enhance aimed features
as each spectral band responds in unique ways to surficial objects, e.g. water con-
tent, vegetation, etc. The NBR is frequently used as an index presenting the burnt
areas in large fire zones [15]. The NBR formula combines the near-infrared (NIR) and
shortwave infrared (SWIR) wavelength [16]. Figure 3 presents the exploiting spectral
response curves for burnt areas against healthy vegetation in terms of reflectance as
a function of the electromagnetic spectrum. As can be seen, the very high reflec-
tance is for healthy vegetation in the NIR while the low reflectance is in the SWIR
portion of the spectrum. This pattern is the opposite of what can be seen in areas
devastated by fire. Thus, recently burnt areas demonstrate low reflectance in the NIR

and high reflectance in the SWIR.
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Figure 3 - Contrast of the spectral response curve for heathy vegetation and burnt areas
Source: U.S. Forest Service

Overall, the difference between the spectral response of healthy vegetation and

burnt areas reach their peak in the NIR and the SWIR regions of the spectrum.

NIRgg—SWIR,
NIRgg+SWIRg12

NBR = (1)


http://www.un-spider.org/node/7930

Where B8 and B12 are the respective satellite bands of Sentinel-2.

ANBR = Prefire NBR — Postfire NBR (2)

Higher ANBR indicates more severely damaged areas while areas with negative val-
ues may indicate increased vegetation following a fire event [17]. ANBR is proposed
for mapping the burnt severity relied on multispectralimages where ANBR values can
be interpreted based on the United States Geological Survey (USGS) as presented in
Table 1 [18] [19].

ANBR Burnt Severity

-0,500 - -0,251 High post-fire regrowth

-0,250 - -0,101 Low post-fire regrowth

-0,100 - 0,099 Unburnt

0,100 - 0,269 Low severity

0,270 - 0,439 Moderate-low severity
0,440 - 0,659 Moderate-high severity
0,660 - 1,300 High severity

Table 1 - The burnt severity categories based on ANBR according to the USGS

2.4 Machine learning algorithms

One of the main objectives of earth observation is to interpret the observed data,
map land use, monitor changes and classify features. ML algorithms can be useful
for classifying features, as they can label each pixel to a particular spectral class. The
classification, process of assigning the classes to pixels, can be divided into super-
vised and unsupervised learning [20]. These two techniques depend on user guid-

ance.

The unsupervised classification groups pixels with the common spectral characteris-
tics inherent in the image with no explicit instructions. Thus, unsupervised learning tries
to automatically find the structure in data. This method can be used without having
previous knowledge of the ground cover in the study site [21]. The popular example

of unsupervised learning algorithms is K-means for clustering problems. On the other

17



hand, supervised learning requires a previously classified sample, i.e., the training da-
taset. The spectral information from the classified pixels is utilized for training the clas-
sification algorithms [21]. This learning is mainly useful in two areas, classification and

regression problems.

The algorithm can gradually improve based on the given training dataset. Once a
model is trained, the algorithm can be applied to the entire image, and a final clas-

sification image is obtained [22].

It is important to fully understand the theory of ML algorithm in order to select and
use the model properly. Even though GEE provides 4 available supervised ML algo-
rithms [23], in this study only three supervised ML algorithms are selected based on

the literature review.

The following sections describe the CART, NB and RF supervised algorithms used in
this study. The second section provides information regarding the accuracy assess-
ment theory applied in ML models. The last section embraces a variable importance

analysis.

2.4.1 Classification and regression tree

Classification and Regression Tree (CART) is a model that can be widely used for re-
gression and classification predictive modelling problems. The CART predictive
model helps to find a variable based on other labelled variables and the essential
benefit of the algorithm are the capability of handling an extensive amount of pro-
cessed data, ability to capture the non-linearity in the dataset and handle the cate-
gorical and numerical features [24]. Moreover, this model can be visualized graph-

ically that enhances the classification model interoperability.

The CART method builds regression or classification models in the form of a tree struc-
ture, which consists of nodes and leaf nodes. Each root node represents a single input
variable and the leaf nodes of the free contain an output variable used to make a
prediction, e.g., fire (1) and no-fire (0). Thus, the binary tree representation of the

CART model makes predictions relatively straightforward.



2.4.2 Random forest

The previously mentioned CART algorithm provides a foundation for Random Forest
(RF). The RF model consists of multiple single trees each based on a random sample
of the training data which may lead to outperforming the CART model. The draw-

back of RF is that it is not interpretable as a single CART tree [25].

The RF model is employed to analyze the link between forest fire conditioning factors
and the fire occurrence and subsequently used to predict the susceptibility of fires.
This algorithm is commonly used for data prediction and suitable for non-linear mod-
elling of forest fire susceptibility [26]. The RF model also allows investigation of the var-
iable importance, which can be used for determining the most important variable
from the training dataset [27]. The main benefits of the RF model are that the algo-
rithm avoids the overfitting problem if there are enough tfrees and can also handle

missing values.

The RF algorithm builds many classification trees during the training period and the
final output of the model generation process is an average value of the classification
results. This structure tree is shown in Figure 4. The purpose of building a decision tree
is to generate a model that predicts the value of the objective variable depending

on numerous independent input variables.

Test Sample Input

Average All Predictions

v

Random Forest
Prediction

Figure 4 - An example of the RF classification trees structure



2.4.3 Naive Bayes

Naive Bayes (NB) classifier is a popular algorithm in many powerful ML models. It is
known as Naive because it makes a naive assumption that the presence or absence
of a particular element of a class is unrelated to the presence or absence of any
other element [28]. This algorithm is founded on the Bayes Theorem presented in Fig-

ure 5 created by Thomas Bayes [29].

P (A |B) = The probability of A being true given that B s true

P(B|A) P(A) P (B|A) = The probability of B being frue given that A is true

P(A|B) = P(B) P (A) = The probability of A being true

P (B) = The probability of B being true

Figure 5 — Bayes theorem

In probability theory and statistics, the Bayes theorem is conditional probability where
conditional probability is the probability that something will happen based on that
something has already occurred. Thus, by using conditional probability, the proba-
bility that a fire event will occur given the knowledge of the prior fire event can be

evaluated.

2.5 Accuracy assessment theory

Accuracy assessment gives a general understanding of how the model performs. ML
models are prone to overfitting, so it is important to evaluate each ML model using
appropriate cross-validation strategies. Thus, the results of selected ML models are
validated based on the common accuracy assessment characteristics, such as con-
fusion matrix, overall accuracy and kappa staftistics. These characteristics are pre-

sented in detail in the next paragraphs.
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The confusion matrix is a summary of prediction results on a classification where the
number of correct and incorrect predictions are summarized with count values and
broken down by each class. There are four basic combinations of predictive and
actual values which are explained in Figure 6. This is part of accuracy assessment
which provides insight not only intfo the errors being made by a classifier but more

importantly into the types of errors that are being made [30].

Actual Values

Positive (1) Negative {0)

True Positive (TP) when a model predicts posifive
3 . and it is frue.
2 Positive (1) L FP True Negative (TN) when a model predicts negative
.i and it is frue.
g False Positive (FP) when a model predicts positive
g Negative (0) EN ™ and it is false. . '
o False Negative (FN) when a model predicts predicted

negative and it is false

Figure 6 - The confusion matrix

Overall accuracy is defined as the percentage of correctly classified results in the
confusion matrix. This can be simply computed as shown in equation (3) in percent-
age [31].

(TP + TN)
(TP + TN + FN + FP)

Overall Accuracy = x 100 (3)

Kappa statistic is one of the most commonly used statistics to test interrater reliability
for categorical items. This means that it measures the agreement between more ob-
servers, where observers sometimes agree or disagree simply by a chance. The value
of kappa statistic is between -1 and 1 and it can be interpreted according to Co-
hen's kappa in Table 2. The value of 1 means perfect agreement and 0 value is a
chance agreement, the most often the value is between 0 and 1. If the value is less
than 0, there is worse than a chance agreement (disagreement), which highlights a

brutally broken classifier [32].



Kappa Agreement

<0 No agreement
0-0.20 Slight
0.21 -0.40 Fair
0.41-0.60 Moderate
0.61-0.80 Substantial
0.81- 1.0 Perfect

Table 2 - Kappa value interpretation according to Cohen (1977)

2.6 Variable importance analysis

The model performance is the key role of the model, but it is just as important to un-
derstand how the features of the model contribute to the resulting predictions. ML as
the "black box model” can be interpreted and provide insight such as variable im-
portance analysis. This generally refers to how much a given model "uses" that varia-
ble to make its predictions. The variable importance is measured by the mean reduc-

tion in prediction accuracy [33].

2.7 Technology

In this work, state-of-the-art technology is employed and infroduced in the following

paragraph.
Google Earth Engine

The Google Earth Engine (GEE) is freely (non-commercial) accessible and available
Google product launched in 2010 [34]. This dominant cloud computing platform is
designed to store and process massive datasets for scientific analysis and ultimate
decision making. Google aims to establish the world's information and make it world-
wide accessible and beneficial. GEE has also a commercial license program so it

can be purchased for commercial purposes [35].

The predominance of the GEE platform is particularly in handling huge datasets at
various scales and building automated programs that can be used at an operational
level for many scientists. They use GEE's datasets for forward-thinking in many areas,
e.g., flood risk mapping, agriculture, wildfires disaster, Arctic mapping, forest moni-

toring, land-use change, efc. [36].
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This Cloud Storage provides several petabytes of the world’s public satellite imagery
mostly gathered by NASA's Earth Observing Satellites, e.g. MODIS and Landsat, ESA’s
Sentinel satellites and many other sources [37]. This cloud storage is available on this

website hitps://earthengine.google.com/datasets/. The vector datasets showing

demographic, weather, climate, and digital elevation models and other vector data
are also included in these datasets [34]. Datasets can be imported to a scripting en-
vironment and users can upload own data for private use. Additionally, any GEE’s
analysis can be downloaded for use by third-party tools. These datasets should help

users to spend more of their time building products and services [35].

Running custom algorithms can be accessed via both the Earth Engine Python and
JavaScript application programming interface (API). JavaScript, often abbreviated
as JS, is a lightweight and object-oriented programming language. This language is
well known for being widely used for web development, i.e., alongside HyperText
Mark-up Language (HTML) and Cascading Style Sheets (CSS). The difference be-
tween Earth Engine Python and JavaScript application programming interface is
mostly in defining functions, defining variables or capitalization of logical operators.
The Python API provides a flexible programmatic interface via the Google Colabor-
atory platform using the Jupyter Notebook interface. This delivers a highly interactive

experience without the burden of the local system setup due to a hosted service [35].

2.8 Study area

The study area is the Australian mainland where the wildfires occurred over the 2019-
2020 fire season. The Australian mainland includes five states such as New South
Wales, Queensland, South Australia, Victoria, Western Australia and major mainland
territories, the Australian Capital Territory and the Northern Territory. The map showing

the area of interest is presented in Figure 7.

Australia is located between the Indian and Pacific oceans. This world's smallest con-
tinent with a heavily concentrated population along the eastern and south-eastern
coasts has a wide variety of landscapes, ranging from snow-capped mountains to
large deserts. The eastern part of Australia is one of the most fire-prone areas in the
world [38].
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Several previously undertaken wildfire studies have not analyzed on a state level due
to the lack of computing power or absence of datasets over the study areas. Due to
the GEE cloud-based spatial processing platform and its multi-petabyte catalogue

of satellite imagery it is possible to perform this comprehensive analysis.
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Figure 7 - The area of interest defined by the Australian mainland bounds

2.9 Identify the period of the fire season 2019-2020

Many sources are providing different time frames of fire season 2019-2020 and none
official source can declare the start and the end date of the fire season. Thus, this
section presents identifying the time frame of the recently occurred fire season, as
the start and the end date of the fire season not specified officially. This time frame is

used as an input for generating the training dataset needed for the ML algorithms.

Input data for representing fire events are gathered from the FIRMS dataset (see
more about the FIRMS dataset in chapter 3). The total daily number of fire locations
across Australia during the 2019 year and partially 2020 year is shown in Figure 8. This
graph reveals the significant growth from September 2019 which decreased almost

to 0 in February 2019, precisely between 21st - 22nd February.
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Figure 8 - Total number of fire locations over 2019 and partially for the 2020 year over
the Australian mainland

Officialinformation is that Australian’s long-running wildfire seasons have been down-
graded after heavy rains but without a specific date. Therefore, the overview of the
spatial distribution of accumulated monthly precipitation during January and Febru-
ary along with February fire spots across the entire area in Australia is presented in
Figure 9. This figure shows that spatial distribution of February precipitation occurred
mainly in the north and east part of Australia. The great amount of rain has fallen at
fire zones located in the south-east areas that led to stopping them in February. The
February fire zones located in the south-west has received less precipitation, but

more compared to January precipitation that could lead to stopping active wildfires.

Thus, the time frame is established from 1st September 2019 to 22nd Feb 2020. Input
data are gathered from the Climate Hazards Group InfraRed Precipitation with Sta-
tion (CHIRPS) dataset which tracks precipitation back to 1981 [39].
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Figure 9 - Spatial distribution of monthly precipitation (mm/month) in Australia during
January 2020 - February 2020 using the daily CHIRPS dataset
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3. Exploratory data analysis

This chapter presents the exploratory analysis on Australian fires in the 2019-2020 sea-
son and compares them with the wildfires from the previous years to outline the main
characteristics. The employed datasets for exploratory data analysis include different
satellite missions, e.g., VIIRS, MODIS, Sentinel-2. They collected data regularly across
the globe. The source codes for generating the figures presented in this sub-chapter

are included on the GitHub repository.

To perform this analysis, the European Center for Medium-Range Weather Forecast
Reanalysis (ERAS) dataset is used. This dataset is freely available and offers a detailed
overview of the atmosphere. The dataset covers the Earth on a 30 km grid and the
atmosphere is divided into 137 levels from the surface up to a height of 80 km. This
advanced product was released by The European Center for Medium-Range
Weather Forecasts (ECMWF) [40]. The ERAS is part of GEE's datasets consisting of air
temperature band as a monthly average at 2 m height with availability from 1979 to

present.

Figure 10 presents the mean annual temperature across Australia from 1979 to 2019.
As can be seen, the mean annual temperature during these 40 years was the highest
in 2019. The difference between the lowest mean annual temperature measured in
2000 and the highest measured in 2019 is approximately 1,8 °C. It is also important to
note the highest mean temperature record was broken three times during the last
two decades, in 2005, 2013 and 2019. This suggests that Australia is becoming an

increasingly warmer place which is most likely due to the global climate change.

235°C
23,0°C
225°C
2,0°C

21,5°C
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Figure 10 - Mean annual temperature in Australia since 1979 to 2019
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For calculation of the total fire occurrence, the GEE's FIRMS dataset is used. Fire In-
formation for Resource Management System (FIRMS) distributes satellite-derived near
real-time data within 3 hours of satellite observation. FIRMS is part of NASA's Land,
Atmosphere Near real-time Capability (LANCE) for EOS and provides both the Mod-
erate Resolution Imaging Spectroradiometer (MODIS) with Terra and Aqua EOS and

the Visible Infrared Imaging Radiometer Suite (VIIRS) data [41].

The active fires shown in figures bellow are presented as pixels covering 1 km2 on the
ground. Therefore, this pixel may contain one or more fire locations within a 500 m
radius. Furthermore, the minimum detectable fire size depends on many variables,
e.g. scan angle, land surface temperature, amount of smoke, etc. Generally, MODIS
satellites can detect both flaming and smouldering fires in 1000 m? size but under
extremely clean observing conditions smaller flaming fires can be noficed (50 m?)

[41]. Besides, the thermal anomalies, e.g., volcanoes, can be identified as active fires.

The GEE's FIRMS dataset includes the T21 band that shows the active fire locations,
where the pixel value determinate the temperature of the surface [42]. This band is

measured in Kelvin [41].

Figure 11 presents the total number of fires in Australia each year from 2001 to 2019.
The last year, 2019, compared to the previous 18 years does not present outstanding
numbers. Both 2011 and 2012 stands for the worst years in terms of fire activity. Rec-
orded active fires in 2017 and 2018 had both approximately 200 000 fires more than
in 2019.
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Figure 11 - Total number of pixels presenting active fire annually (15t January 2001 to 1t March 2020)
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The detailed overview showing the fire activity over a year is required to uncover
anomalies over months. Thus, Figure 12 shows active fires over a year from 2010 to
March 2020 in Australia. The 2011 and 2012 years have a significant number of active
fires compared to other years. However, the satellite-derived fire data reveals that
the most active fires during December and January throughout the last decade hap-
pened in 2019 and 2020 respectively. MODIS recorded about 400,000 active fire indi-

cators over Australia between December 2019 and February 2020.

—20M 2012 — 2010 —2013 ——2014 —— 2015 — 2016 — 2017 —— 2018 —— 2019 ——2020

Total number of pixel presenting active fire

Figure 12 - Total number of fire locations over a year for nearly one decade
(1st January 2010 to 15t March 2020), Tkm pixel contains one or more fire locations within a 500 m radius

Plotting fire events on a map can present spatial distributions and patterns. Figure 13
shows a spatial distribution map of active fire locations from January 2019 to February
2020. The shown fire locations were remarkably occurring in the north and east coast
of Australia while the south and west Australia were slightly fewer fire events. The in-

land territory was less affected than the coastal area.
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Figure 13 - Distribution of fire events based on the FIRMS dataset from January 2019 to February 2020
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4. Methodology

The following chapter describes the methodology used for fulfilling the two objectives
of this study, such as fire occurrence probability across Australia and identify the driv-
ing factors of wildfires. The entire structure is divided into three parts, such as data
mining and pre-processing, classification and validation. This structure is presented in
the flowchart in Figure 14 and intends to summarize the essential processes employed

in this study.

The first step of the flowchart is creating the training dataset consisting of the previ-
ously occurred wildfires (a dependent variable) and the fire main factors, namely
topographic, meteorological, anthropological and vegetation factor (independent
variables). Subsequently, this set is divided into data sub-sets, called a training and
testing dataset. The fraining dataset is applied in the ML models to train the model
and then the trained model is validated by the testing dataset. The best performance
from the selected ML models is used for the spatial prediction of wildfire susceptibility.

All processes are described in detail in the following sub-chapters.

Pre-processing

Sentinel 2 .
Fire events

Dependent Variable

Hot-Spots & dNBR

I Fire Main Factors Enrich

Satellite Image Independent Variables

Collection
DEM , NDVI, ... |

Training Samples

Training Dataset
70%

Classification
Test Dataset

30%
Supervised
Machine

Leaming
Classification

[SPOW SAlDIPaId

Validation

Figure 14 - The flowchart of processes employed in the study for generating the
predictive model in GEE
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The analysis was conducted in GEE cloud environmental analysis platform using Ja-
vascript, as this enables the global-scale analysis to be completed more efficiently
in regard to computing time cost compared to desktop computing. Additionally, sat-
ellite images do not need to be downloaded which leads to saving the processing

time. The complete code can be obtained from the GitHub repository.

4.1 Data mining and pre-processing

The data mining and pre-processing part are important steps to generate the training
dataset as an input for the ML models. The training dataset consists of independent
variables also referred to as the predictors (land cover, temperature, etc.) and de-

pendent variables also known as the responding variables (fire, no-fire).

Most of the ML algorithms use the training datasets created manually. In this study,
the area of interest is at the continental level and the timeframe covers six months,
thus leading to an overwhelming amount of data. Therefore, it is important to au-
tomize the process of generating the training dataset. This also brings a benefit to
feed the selected models with more samples of training data to improve the models’

performances.

4.1.1 Dependent variable

The dependent variable in this study is fire and non-fire occurrence locations. Thus,
mapping susceptibility of fire occurrence can be considered from the ML perspec-
five as a binary classification problem with two classes: fire and no-fire. However, the
dataset of recently occurred fire locations with high resolution is not available from
the Australian official sources. Therefore, collecting fire and no-fire occurrence locao-

tions is developed in this study as an automated workflow presented in Figure 15.

This automated workflow is applied to each month of the fire season (specified in
section 2.9) as a consequence of changes in vegetation, which might bias the out-
put results. Additionally, the Australian mainland is split into 3 areas based on state
boundaries due to the large size of the Australian mainland that leads to the compu-
tational limitation. The workflow is being executed in total 18 fimes (6 months x 3

parts).
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The automated workflow uses two satellite missions, FIRMS and Sentinel-2, which are
pre-processed in the interest of obtaining the fire occurrence locations. The FIRMS
image collections aggregate active fire locations over the period of one month from
the daily observations across Australia with a 1 km2 employed bounding box. Subse-

quently, the areas of FIRMS fire locations are vectorized.

Sentinel-2 {10m)
1 Month Collection

Cloud/Cirrus/Water
Masks

NBR
Pre-Fire NBR Post-Fire NBR

Start-6days End-6 days
FIRMS (1km)

Monthly Hotspots
dNBR

Pre NBR - Post NBR

Vectorized

Hotspot Areas 5-2 Hotspot
dNBR Threshold (BS, B12 )

0, 44 < dNBR

FIRMS (1km) —

Season Hotspots Vectorize Treshold dNBR
Within FIRMS Areas

Area Outside of —
FIRMS Vector Area > 0,25km?

o
Random Random Fire Points
MNo-Fire Points Within Area

Figure 15 - The flowchart of fire occurrence locations applied in methodology

The Sentinel-2 mission is employed in the second step due to its high spatial resolution.
This mission produces cloud and cirrus masks created as a product of the atmos-
pheric correction. These masks are applied with the aim to provide cloudless images
and avoid misleading results in the analyses of the surface. Subsequently, the Nor-

malized Difference Water Index (NDWI) calculated from the green (B3) and
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shortwave-infrared bands (B11) is applied to remove the water areas from the anal-
ysis. Figure 16 shows a difference between the general image and cloud and water-

free image.

Timor Sea »

Figure 16 - The non-cloud-masked composite (left),
The cloud and water-free masked composite (right)

The next step is to compute dNBR, see chapter 2.3 for more information on dNBR. The
pre-fire NBR is calculated from the time interval <6 days before the start of the month,
start month> and post-fire NBR is calculated from the time interval <end month, 6
days after month>. The dNBR calculation highlights the burnt areas and gets an initial

assessment of burn severity.

However, there is a dNBR obstruction referring to a change detection process. This
means, the dNBR equation consists of deduction of the pre-fire NBR and the post-fire
NBR, where changes in natural vegetation, e.g., deforestation, harvest, may be in-
cluded as well. In other words, non-fire-related changes can be detected as wildfire
damage. Despite the short-implemented period (one month), there is set up a dNBR
threshold value of 0,44, which classifies the moderate-high severity or high severity
burnt area. The threshold is applied only within active fire vector areas from the FIRMS
dataset. The aim is to eliminate the small natural vegetation changes and increase
the computational power, as the calculation is performed inside the FIRMS fire vector
areas. The combination of both features, burnt and fire areas, is applied for creating
the balance as the burnt areas tend to underestimate the results while active fire

data may overestimate the results.

The selected burnt areas inside the fire location boundary boxes are vectorized and

afterwards, the size of selected burnt areas is calculated. The area bigger than
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0,25 km?2 (500 m x 500 m raster) is selected for generating the random points. The
minimum size criteria mean that the random points are located in selected larger

areas as they represent a pixel which covers this particular area.

The no-fire point selection is performed using a random point function where points

are randomly placed outside of the FIRMS vector areas.

Figure 17 presents an example of one wildfire that occurred in September 2019 close
to the West Coast of Australia. This figure presents the step-by-step results from the

previously described processing.

dNBR

B High post-fire regrowth (-0,500 - -0,251)

[l Low post-fire regrowth (-0,250 - -0,101)

B uUnburned (-0,100 - 0,099) . Area greater than 0,25km?
Low-severity burn (0,100 - 0,269)

[ Moderate—low severity burn (0,270 - 0,439)

I Moderate—high severity burn (0,440 - 0,659)

M High Severity (0,660 — 1,300 )

- Vector area of total monthly hotspot from FIRMS dataset

. Threshold Area

Figure 17 - An example of one wildfire used to illustrate the results from processes of burnt
area selection. a) dNBR, b) dNBR with FIRMS vector fire area, c) dNBR with FIRM fire vector area and
threshold areas d) dNBR with FIRMS vector fire area and threshold areas and selected areas bigger

than 0,25 km?
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The random point function used in the processing places randomly generates 300
fire points and 300 no-fire points for each selected part (3) for each month (6), which
results into 18 CSV files consisting of 600 points per each file. These CSV files are

merged into the final file using the JavaScript code stored in the GitHub repository.

Each fire and no-fire record in the final file has the “Fire” property name and stored
value in the integer type where 1 represents a fire occurrence and 0 presents a no-

fire occurrence.

4.1.2 Independent Variables

Selecting independent variables, which are also known as predictors or conditioning
factors, is a critical step in predictive modelling. For this study, 15 conditioning factors
are selected based on both the field observation found in different studies and avail-
able satellite data on the GEE platform. These applied wildfire conditioning factors
can be divided into five categories, such as topography, vegetation type, infrastruc-
ture, meteorology and socio-economic factors. Table 3 summarizes each of the do-

tasets used in this study.

Topographic category (Figure 18) consists of elevation, slope and aspect. The elevo-
tion is obtained from the digital elevation model (DEM) with 30 m spatial resolution.
The model is generated from the dataset gathered from the Shuttle Radar Topogra-
phy Mission (SRTM) provided by NASA. The slope or the gradient of the land ex-
pressed as an angle and aspect, also known as the direction in which the slope

faces, are derived from DEM.

36


https://github.com/sulova/AustraliaFires

Category Data Layers Source of Data | Data Type | Spatial Resolution

Elevation
Digital
Elevation Data Raster
Topograph Slope =l U 30 m
pograpny P SRTM
Aspect 30m

Soil Depth CSIRO SLGA R 3 arc seconds
=90 m
Soil Moisture Terra Climate | Raster 025 Qe Gleg
=4 km
Environment

Copernicus

DroughT Terra Climate Raster 20 QI Ui
Severity Index e =~ 4 km
Precipitation Terra Climate Raster 245 GG FIAUEEs
— =4 km
Climate Maximum . 2.5 arc minutes
Terra Climate Raster
Temperature — ~ 4 km
Wind Power Terra Climate zj (kjrrr? IS

Human Population | World Raster 3 arc second
Distributions Population =~85m

. Global Human
Socio - . Modification CSP gHM5 Raster
Economic

Table 3 - The list and description of variable datasets included in the study
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Figure 18 - Topographical factors: elevation, aspect and slope

Environmental category (Figure 19) includes the land cover, soil depth, the soil mois-
ture, the drought severity index and the Normalized Difference Vegetation Index
(NDVI). The Copernicus Global Land Service (CGLS) provides the evaluation of land
cover at 100 m spatial resolution for the 2015 reference year. The land cover grid has
the discrete classes shown in Appendix A. The soil depth gathered from the compre-
hensive Soil and Landscape Grid of Australia dataset describes the spatial distribution
of the soil dept. The soil moisture raster and drought severity index are obtained from
the Terra Climate 2019 dataset.
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Figure 19 - Environmental factors: land cover (the legend is in Appendix), soil depth, soil moisture,

drought severity index and NDVI

These rasters are generated from the image collection obtained from September
2019 to December 2019, where the mean statistic function is implemented (Figure
20). This function takes the mean value of a given pixel over the period. Ideally, the
final rasters of both variables should be calculated for the entire fire season; however,
the Terra Climate is available only for the 2019 year. The MOD13Q1 product directly
provides the vegetation layer, i.e., NDVI, with the 250 m spatial resolution. The NDVI

image is generated from the image collection collected during the entire fire season

using the mean statistic function value.
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Figure 20 - The example of an image obtained based on statistic function over image collection

Climate category (Figure 21) includes precipitation accumulation, maximum tem-
perature and wind speed. These variables are gathered from the Terra Climate da-
taset and are processed in the same manner as the previously used data from this

dataset; e.g., the drought severity index.
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Figure 21 - Climate factors: precipitation, maximum temperature and wind speed
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Socio-economic category (Figure 22) includes the Global Human Modification
(GHM), population, electric lines and distance from roads. The GHM dataset delivers
a cumulative measure of human modification of terrestrial lands over the globe with
1 km spatial resolution. The GHM values vary from 0 to 1 and are associated with a
given type of human modification also known as a stressor. The major anthropogenic
stressors are included, e.g., human settlement, transportation, mining and energy
production. The population from the WorldPop dataset estimated number of people
residing in = 85 m grid cells. The vector data, the electric lines and road network, are
obtained from the Open Street Map (OSM) and loaded into the GEE platform. Data
are converted to the raster format with 500 m resolution where for the road distance

the GEE' cumulative coast function is applied.
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Figure 22 - Socio-economic factors: GHM, population, electric lines and distance from roads
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4.2 Classification

When the fire and no-fire training points are created and conditional factors pre-
processed, the next step is to create the training dataset which is enriched by pre-
dictor values. Firstly, the 15 independent variables are merged to create a composite
image with 15 bands (Figure 23).

var merge = LandCover.addBands(elevation).addBands(slope).addBands(aspect).addBands(GHM_index)
.addBands(pop_186m).addBands(Soil_Moisture).addBands(Cost_road_1km).addBands(Ele_Line)
.addBands(ndvi).addBands (soilDepth).addBands(vs).addBands(temp_max).addBands(Drought_Index)
.addBands(Precipitation)

var merge = merge.select(

['discrete_classification', 'elevation', 'slope', 'aspect', 'gHM',

'population', 'soil_mean', 'cumulative_cost','constant','NDVI', 'DES_086_208_EV',

'vs_mean', 'tmmx_mean', 'pdsi_mean', 'pr_mean'],

['Land Cover', 'Elevation', 'Slope', 'Aspect', 'Global Human Modification',

'Population', 'Soil Moisture', 'Distance From Road', 'Electric Network', 'NDVI',

'Soil Depth', 'Wind Speed', 'Temperature', 'Drought', 'Precipitation'])

Figure 23 - Merging all predictor variables into the final image (JavaScript GEE script)

Afterwards, the sampleRegions function is applied to get the value of predictors into
the table and generate training samples as shown in Figure 24. Thus, the fire and no
fire- points are overlayed by the composite image to get predictor variables along

with labels. A nominal scale for sampling is 100 m.

// Sample the input imagery to get a FeatureCollection of training data.
var classifierTraining = merge.sampleRegions(

{collection: point,

properties: ['fire'],

scale: 100});

Figure 24 - Creating the training sample

Once the training set is created, the next step is to examine the classifications. The
performance of each classification model will be described in the Results chapter.
These supervised pixel-based classifications rely heavily on the input training samples.

The example of applying the ML supervised classification using JavaScript is pre-
sented in Figure 25.
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// Make a Random Forest classifier and train it.

var RF_classifier = ee.Classifier.smileRandomForest(18).train(
{features:classifierTraining,
classProperty: 'fire',inputProperties: bands});

var classification = merge.classify(RF_classifier);

Figure 25 - ML supervised classification, namely RF, applied in the GEE interface

Additionally, the GEE classifiers have still a limitation to analyse the variable im-
portance. Even though this study compares three ML algorithms, only one model,
precisely RF can observe the link between fire conditioning factors and the fire oc-
currence, i.e., variable importance. Moreover, the only RF classifier in GEE provides

the probability function as shown in Figure 26.

var classifier_Pro = ee.Classifier.smileRandomForest(100).setOutputMode('PROBABILITY")
.train(classifierTraining,"fire");
var classification_Pro = merge.classify(classifier_Pro);

Figure 26 - The probability function in GEE for mapping of fire probability.

4.3 Validation

The trained ML models can predict the fire location; however, it is important to eval-
uate the performance of these models. For this reason, the accuracy assessment is

conducted.

The sample dataset of fire and no-fire location is divided into fraining and test da-
tasets for model validation. This is conducted by applying the randomColumn func-
fion which adds a column to the sample dataset and values info a column by de-
fault. The points are split with ratio 70:30 meaning that 70 % is used as a fraining da-
taset and 30 % as testing dataset. The accuracy assessment is applied to the testing
dataset which assesses accuracy based on the confusion matrix. From the confusion
matrix, the overall accuracy and the kappa are derived, as can be seen in Figure 27.

All results of the validation are presented in the Results chapter.
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var split = ©8.7; // 70% training, 30% testing.

var classifierTraining= classifierTraining.randomColumn();

var trained = classifierTraining.filter(ee.Filter.lt( 'random', split));
var test = classifierTraining.filter(ee.Filter.gte('random', split));
print('Number of training dataset: ', trained.size())

print('Number of test dataset: ', test.size())

var classifier_trained = ee.Classifier.smileRandomForest(18).train
({features:trained,
classProperty:‘fire',
inputProperties: bands});

var test_classification = test.classify(classifier_trained)

var confusionMatrix =test_classification.errorMatrix('fire', 'classification');
var confusionMatrixArray = ee.Feature(null, {matrix: confusionMatrix.array()});
print('Confusion Matrix:', confusionMatrixArray);

var overAccuracy = ee.Feature(null, {matrix: confusionMatrix.accuracy()});
print('Overal Accuracy:', overAccuracy)

var kappa = ee.Feature(null, {matrix: confusionMatrix.kappa()});

print(' kappa:', kappa)

Figure 27 - Accuracy assessment
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5. Results

This chapter summarizes the findings of this study based on the applied methodology.
The first section provides the results of the fire occurrence locations gathered from
the Sentinel-2 and FIRMS missions. The second part of this chapter reveals the
achieved results from the different ML algorithms, where employed prediction varia-
bles are gathered from the Earth observation, except for the roads and electric net-
work data. The result of ML algorithms, the fire probability map, is presented in the
third sub-chapter of this chapter. Finally, the last sub-chapter provides the results of

the variable importance analysis where results are derived from the ML algorithm.

5.1 Fire occurrence location

The fire occurrence points represent a location of individual fires that occurred during
the fire season 2019-2020, precisely defined in chapter 2.9. The flowchart presented
in Figure 15 in chapter 4.1.1 identifies the fire locations with 10 m accuracy automat-
ically for the ML algorithms. The results show the distribution of fire and no-fire points
locations and they are presented in Figure 28. All these locations are a part of the
sample fraining dataset, comprising of 10 800 fraining points across the Australian

mainland.

v [l Fire Point
- No-Fire Point

Figure 28 - The distribution of fire and no-fire points from the automated process

The fire location is being visually verified by active fire alerts calculated from the Sen-

tinel-2 data. Figure 29 presents an example of the verification of fire-points. Firstly, the
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pre-fire and post-fire area is visualized in the RGB image. The monthly active fire alerts
are calculated using B5 and B12 bands and verify fire-points inside the area where

the Sentinel-2 fire alert is located.

Pre-Fire RGB Post-Fire RGB

S o

Active Fire & Fire Points

=~ N

GONE

Figure 29 - An example of wildfire in pre-fire and post-fire RGB imagery and monthly actfive fire from
the Sentinel-2 mission for visual verification of fire pointfs.

5.2 Accuracy assessment of ML algorithms

The performance of each classification model is examined in this sub-chapter. The
widely used accuracy assessment method is used to evaluate the performance of
the ML models. This is calculated on the GEE platform using the characteristics spec-

ified in chapter 2.5.

The accuracy assessment is calculated based on the independent testing datasets
gathered from the sample dataset. This sample dataset is split in the 70:30 ratio,
meaning the 70% of the dataset is used for training the model and 30% is applied for
testing. Thus, the selected pixel-based supervised ML algorithms, namely, RF, CART
and NB, are trained using a 70% training dataset representing 3250 test samples. The
samples contain 1633 fire class and 1617 no-fire class. Table 4 captures the results of

ML models’ accuracy. The best overall accuracy is shown by the RF model (96%)
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while the lowest performance is represented by the NB model (64%). The CART results
(93%) are not as accurate as of the RF results but they show better performance than
the NB model.

The confusion matrix reveals that these 3 algorithms generally predict well for the no-
fire class compared to the prediction of the fire class. The RF model classified cor-
rectly the 1593 fire testing samples of 1633 which means that only 40 fire testing sam-
ples were predicted incorrectly. The 1540 no-fire samples were predicted properly

and only 77 were classified inaccurately.

The NB and CART models cannot handle the classification with missing values. This
might occur when processing different predictive factors represented in raster for-
mat. These rasters might have a few missing cells representing the absence of data.
Therefore, the number of testing samples is less in CART and NB although the input

testing dataset is the same as for the RF model.

Confusion Matrix

Predicted Predicted 5
No-Fire Fire
Naive No - Fire
) 64% 27%
BEWES Actual Fire 75 1515 1590
599 2602 3201
ACtu?I 1494 117 1611
No - Fire
0, 0,
CART (300) Actual Fire 77 1513 1590 93% 88%
1571 1630 3201

Overall

Accuracy

HI

HI

s - 0 -
Random .
0 0,
Forest (300) | ActualFire 40 1593 1633 96% 93%
1580 1670 3250

Table 4 - Overall statistics of the accuracy assessment results of ML algorithms
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The accuracy assessment script with the RF and CART algorithms was executed mul-
tiple times to find the proper number of the maximum trees for the RF model and
maximum leaf nodes for the CART model. This is an essential step as these numbers
have a direct impact on the accuracy of the model. Additionally, it can also reveal

how many leaf nodes it is important to implement when two classes are classified.

As seen below in Figure 30, the accuracy of the CART model increases with the num-
ber of leaf nodes until the number of 300 leaf nodes is reached. From more than 300
leaf nodes, the accuracy of the model is almost constant. The results of the RF model
shown in Figure 31 reveals that with the increasing number of trees, the accuracy is
increased as well. Thus, the optimal number of trees applied in the RF model in this
study is 300 trees.
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Figure 30 - The accuracy of CART models with a different number of leaf nodes applied
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Figure 31 - The accuracy of RD models with a different number of frees applied
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5.3 Importance of conditioning factors

The RF model achieves higher accuracy in comparison with other ML models such as
NB and CART. Therefore, it is chosen to be the most appropriate and suitable ML
model for wildfires prediction. This model enables a quantitative measurement of
each variable’s contribution to the classification output, which is useful in evaluating
the importance of each variable. The variable importance was calculated based on

the training dataset.

Figure 32 presents the most important conditioning factors of the wildfires in the 2019-
2020 season using the RF model. The most important variables considered as ‘key
drivers’ are the soil moisture and temperature along with drought. The lowest im-

portant factors are aspect, land cover and the electric network.

Wind Speed
Temperature

Soil Moisture
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Precipitation
Population

NDVI
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Global Human Medification
Elevation

Electric Network
Drought

Dizstance From Road
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=

200 400 600 800 1000 1200 1400 1600 1800
Importance

Figure 32 - The variable importance analysis based on the RF model

49



5.4 Predictive model

Predictive modelling is the overall concept of building an ML model that is capable
of making predictions. In this study, the RF model and the training dataset present
the wildfires in Australia during the 2019-2020 season. The probability map is shown in
Figure 33 where a low value presented by the green colour is an area with the least
probability of forest fire occurrence, while the very high value presented by the red
colour depicts areas with the highest probability of forest fire susceptibility. The fire risk

classes shown in Figure 34 are divided into five classes.

These maps reveal a high risk of fire occurrence concentrated in the coastal area
and mainly in the south-west areas in Australia. They also display fire-prone zones dis-

tributed throughout the northern coastal regions.

Figure 33 - The fire susceptibility map using the RF model
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Figure 34 - The fire susceptibility map with classes using the RF model
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6. Discussion

The discussion chapter presents findings on the conducted study and evaluates the

potential strengths and weaknesses of the implemented methods.

This study is focused firstly on a deep understanding of how the fire occurrence da-
taset can be obtained in order to be used for the ML algorithms and predict the fire
occurrence probability. Many studies used 1 km FIRMS datasets gathered from the
Earth observation and showing the active fires. However, this approach of mapping
the fire occurrence provides false detections, and the spatial resolution can be also

enhanced.

Thus, this study infroduces an innovative and automated approach for gathering the
samples of fire occurrence locations across the Australian mainland with 10 m spatial
precision. The active fire FIRMS locations with 1 km resolution are used as the area of
interest where dNBR can be calculated using the Sentinel-2 satellite data. This im-
proves the spatial resolution of the FIRMS active fire locations as Sentinel-2 provides
10 m spatial resolution and reduces the computational time due to chosen FIRMS
areas where the dNBR is calculated. Moreover, using these two datasets can de-
crease the number of false detections of active fires as the dNBR can reveal the burn

severity areas.

A limitation of this workflow is circumvented by short time frames, not bigger than 1
month because it can bring the biased results as the burnt severity areas would be

influenced by the natural vegetation changes.

Additionally, this workflow as a JavaScript code can be executed on the GEE cloud-
based platform, which makes easy access for a potential user. Additionally, the user
can modify a custom period (start and end date of the fire season) and add the
study area in the vector format or create a spatial boundary defined as a polygon
through the drawing tool in GEE. The CSV output of the training dataset is exported

to Google Drive and it can be imported into the ML code for further calculations.

The second aim of this study is an attempt to compare different ML approaches
where the best model performance is used to map the fire occurrence probability.
The three ML algorithms were applied and validated by the testing dataset. The re-
sults depicted that the RF model has the best performance while the worse perfor-

mance showed in the NB model.
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The number of frees in the RF model was tested in order to increase accuracy. It turns
out that the model with 300 trees can achieve the best performance. However, this
number of frees in the model might increase when more predictive variables would
be implemented into the current model. Generally, the ML algorithms in GEE can be
processed without identifying the numbers of frees of leaf nodes for the CART model

due to the implemented default values.

One advantage of RF is its capability of handling categorical variables, such as soil
moisture, NDVI, precipitation, etc.. This leads to analyse the variable importance of
the 15 variables to show the conftribution of each variable. The results show, that the
most important fire driver factor in wildfire modelling is soil moisture. The second most
important was temperature and then drought, GHM and elevation. The variable

which was ranked lowest on the variable importance plot was the electric network.

The predictive performance of the RF models implemented in the present study is
suitable as the confusion matrix showed only 117 samples of 3250 were detected
incorrectly. Therefore, this model was used to show the susceptibility map displaying
the spatial probability of an area to burn. In other words, the map shows the probao-
bility for each pixel to burn under the assumptions which are based on conditioning
variables and are therefore specific to it. Nonetheless, the wildfires are structurally
complex and vary widely in their physical attributes. Thus, the integration of other key
factors might increase the complexity model and increase accuracy. The ad-

vantage of this model is that it can incorporate different causal factors readily.

It is always essential to validate the stability of ML models. This study used the most
common validation, the frain/test split technique. This approach brings the benefit
that the model responds to previously unseen data can be seen. Moreover, the test-
ing sample was produced via random numbers, which should mitigate the risk of

sampling bias.

This development presents the great opportunities of GEE platforms used for the re-
search due to the free availability of datasets and processing the algorithms in the
cloud environment. For these reasons, there is no need to download, store, process
and analyze the great amount of data on a local computer, however, the internet
connection is required. Thus, the entire scope of the study, from generating a training

dataset and pre-processing satellite data and trained ML model was conducted in
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the powerful GEE cloud-based tool across the massive area of interest. This analysis

with spacious datasets would not be possible to undertake on a local computer.

On the other hand, there are also limitations such as exporting the raster data with a
good resolution across entire Australia, even when the area was split info multiple
grid areas. Also, this platform is ultimately not optimal due to the lack of access to
statistics regarding the classification. Even though the numerous satellite missions are
presented in the GEE library, most of them provide data for America or Europe. It
would be better to use more conditioning variables referring to the wildfires by ap-

plying different satellite missions that cover Australia.

This study combines remote sensing, big data, and data mining algorithms and ma-
chine learning models to handle data collected from satellite images over large ar-
eas and retrieve insights from them to predict the occurrence of wildfires. This was
conducted to avoid similar disasters by better planning of infrastructure in disaster-
prone areas. The current decision support systems can use this predictive model with
the input variables substituted with daily information from the earth observations. An
accurate knowledge of the spatial distribution of fire-prone areas can be essential

for forest fire risk management.
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7. Conclusion

In this chapter, the proposed research questions are answered.

1 Research question: What are the main characteristics of the last decade’s

Australian wildfires obvious from freely available satellite data?g

Among wildfire domains, it is important to illustrate the fire exploratory analysis. The
analysis of Australian wildfires discloses that both 2011 and 2012 stands for the worst
years in terms of fire activity from 2001 to 2019. However, the most active fires during
December and January months from the last 10 years occurred in the 2019-2020 sea-
son. The satellite-derived fire data also reveal that approximately 200 000 fewer fires
occurred in 2019 than in 2017 and 2018.

Additionally, Australia is becoming a warmer place based on satellite data from the
atmosphere dataset named ERAS, which is due to climate change. Thus, if no miti-
gation and preparedness actions are taken, Australia will withess more wildfires and

more severe wildfires in the future.

2 Research question: Which ML algorithm outperforms other existing models

available in GEE for prediction of future fire occurrences?

The study compares the chosen ML classifiers available in the GEE platform and rec-
ommended based on the literature review. The CART, NB, and RF models were ap-
plied and cross-compared. The accuracy assessment analysis using the independent
testing dataset shown that the RF model reached the best performance. It had the
highest overall accuracy (96%) along with the highest kappa statistics (93%). The
other models performed with a lower overall accuracy, where the overall accuracy

was 93% and 64% for CART and NB models, respectively.

3 Research question: To what extent are the various causal factors associated

with the fire locations?e

The best performing model, the RF model, allows the determination of variable im-
portance analysis. The results of variable importance analysis present that the most

important variables are soil moisture, temperature and drought which is in line with
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other studies where these factors play a major role as well. On the other hand, the

lowest influence had the electric network.

In this study, a data-driven model has been set up on the cloud with the massive
datasets and accessible to everyone and executable by any dummy user. This would
hardly be possible on a local machine. Furthermore, the application can be turned
into a decision support system or warning system for alerting decision-makers and

stakeholders in case of severe climatic conditions.

7.1 Sustainable development goals

These large-scale and more intense wildfires are becoming an increasing concern as
in unfavourable meteorological conditions they are becoming more extreme. As a
result, they endanger both human life and property but also release the harmful pol-
lutant particles and gases contributing to the global climate change. All these wild-
fire challenges are related to some of the sustainable development goals (SDGs). The
SDGs adopted in 2015 aim to balance the economic, environmental and social
needs [43].

The enhanced technology helps to achieve the SDGs in many ways. Thus, this study
combined the remote sensing, big data, data mining algorithms and machine learn-
ing models to collect data from satellite images over large areas and refrieve insights
from them to predict the incidence of wildfires. This can support to avoid similar dis-

asters by enhanced planning of infrastructure in fire-prone areas.

This study supports sustainable development in three goals. Firstly, goal number 3
Good health and well-being as wildfire smoke contributes to air pollution and irritates
the human respiratory system. Secondly, goal number 13, namely Climate action, is
considered due to the emitting carbon dioxide from wildfires along with other green-
house gasses which accelerate global warming. Lastly, the goal 15 presents Life on
land which is referred to by a massive impact of wildfires on land which can lead to

a short-term economic decline.
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8. Future work

There is remarkable potential to predict natural disasters based on machine learning
models with enormous amounts of good quality datasets from remote sensing data.
This study shows application on fire disaster occurrence using the GEE for the aca-
demic purpose, but the concept of prediction can be applied to different natural
disasters. The prediction model might substitute the traditional methods which are

used nowadays.

There are sfill several parts that could be improved in the future. Machine learning
models use the training dataset to learn how to recognize patterns and apply tech-
nologies. This study compared only three ML algorithms which are suitable in GEE, but
it would be interesting to compare other models such as neural networks, where
each neuron is represented as circles that are connected. This model can learn, cre-
ate complex relationships, and make accurate predictions when later presented

with new data.

Additionally, the model can be tuned by removing the lowest-ranked conditioning
variables and see how the model would be influenced. On the other hand, bringing
more relevant condition factors might influence the model. Thus, testing influence by

the new independent variable is also suggested as future work.

The ML validation processes can be undertaken through different techniques. This
study applied the most common train/test split approach. However, different valida-
tion techniques can be likewise applied and bring different assessments of the model
effectiveness. Thus, the different validation approaches can be implemented in this

study, such as the straftified k-fold cross-validation or holdout sets techniques.

Last but not least, the trained RF model can be incorporated with more fraining sam-
ples but from the historic fire events and not just from the recently occurred wildfires.

This might help to tune the model and improvement of its current accuracy.
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10. Appendix

A. Land Cover Description

Value Colour Colour HEX Description

o = 282828 Unknown.

- FFBB22 Shrubs.

- FFFF4C Herbaceous vegetation.

- FO96FF Cultivated and managed vegetation/agriculture.
50 HE FA0000 Urban / built up.

- B4B4B4 Bare / sparse vegetation.

- FOFOFO Snow and ice.

- ] 0032C8 Permanent water bodies.

- - 0096A0 Herbaceous wetland.

- FAE6AO Moss and lichen.

- - 58481F Closed forest, evergreen needle leaf.

- - 009900 Closed forest, evergreen broadleaf.

- I 70663E Closed forest, deciduous needle leaf.

- - 00CCO00 Closed forest, deciduous broadleaf.

s . 4E751F Closed forest, mixed.

- - 007800 Closed forest, not matching any of the other definitions.
- - 666000 Open forest, evergreen needle leaf.

- - 8DB400 Open forest, evergreen broadleaf.

- - 8D7400 Open forest, deciduous needle leaf.

- AODCO00 Open forest, deciduous broadleaf.

- - 929900 Open forest, mixed.

- - 648C00 Open forest, not matching any of the other definitions.
- - 000080 Oceans, seas.
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B. Random Forest Model

//Author: Andrea Sulova;
//Date: Feb 2020 - May 2020;

/7
var

/7 Import States in Australia

Import SHP Australian's States

Australia = ee.FeatureCollection("users/sulovaandrea/Australia_Polygon™);

var

Capital AUS = Australia.filterMetadata("name","equals®, "Australian Capital Territory");
Northen AUS = Australia.filterMetadata("name","eguals","Northern Territory")

Queensland = Australia.filterMetadata("name","equals”™,"Queensland")

South_AUS = Australia.filterMetadata("name™,"equals™,"South Australia®)

Tasmania = Australia.filterMetadata("name","sqguals","Tasmania")

Victoria = Australia.filterMetadata("nams","sguals","Victoria®™)

Western AUS = Australia.filterMetadata("name","equals™,"Western Australia®™)
NewSouthWales = Australia.filterMetadata("name","sguals","New South Wales")

Australia Mainland= Capital_ AUS.merge(Victoria) .merge (NewSouthWales)

.merge (South_AUS) .merge (Queensland) .merge (Western AUS) .merge (Northen AUS)

Map.addLayer (Australia_ Mainland, (pallete: 'céceéd', strokeWidth: !},

‘Australia Mainland',l):;

var Australia = ee.FeatureCollection("UsSDOS/LSIB/2013").filterMetadata("cc"™,"equals™,"AS")

Map.centerObject (Australia,d.%);

/7 VARIABLES

// 1 LandCover

// COPERNICUS LAND COVER forest_type Class Table:
var LandCover =ee.ImageCollection ("COPERNICUS/Landcaver/100m/Proba-V/Global™)
var LandCover = LandCover.select('discrete classification').mosaic().clip(Australia);

var Classes ='<RasterSymbolizer>'+

'<ColorMap type = “intervals" extendede="false" >' +

coloxr="$#0779%4"
color="#£6d4743"
color="#fcbfle”
*<ColorMapEntry color="#fefs7e"
'<ColorMapEntry color="$#06623b"
or semi-deciduous forest"/>' +
‘<ColorMapEntry color="#b7efcd"
forest™/>'+

'<ColorMapEntry color="§#%4£fci3"
forest™/>'

'<ColorMapEntry color="#75b7%e"
forest™/>' +

‘<ColorMapEntry color="f#a7s%af"
evergreen forest"/>' +
'<ColorMapEntry color="#898474"
and needleleavad forest "/>' ¢
'<ColorMapEntry color="$#00bdaa"
Forest-Shrubland/Grassland"™/>"'
‘<ColorMapEntry coloxr="#565447"
Grassland/Forest-Shrubland"/>'
‘<ColorMapEntry color="§#f££926b"
‘<ColorMapEntry color="$#ffc3sb"
'<ColorMapEntry color="#£fff3cd"
'<ColorMapEntry color="#4cbhbbo"

'*<ColorMapEntry
'‘<ColorMapEntry
‘<ColorMapEntry

quantity="11"
quantity="20"
quantity="30"
quantity="14"
quantity="40"
quantity="50"
quantity="go"
quantity="70"

quantity="50"

labeli="11
label="20
label="30
label="14
labsl="40
label="50
label="60
label="70

label="S0

quantity="100" label="100

quantity="110"

+

quantity="120"

+

quantity="130"
quantity="140"
quantity="150"
Qquantity="160"

regularly flooded (fresh~brackish water)"/>' +

'<ColorMapEntry color="#bbdedé&"

*<ColorMapEntry color="$#30&3ca"
regularly flooded"/>' +
'<ColorMapEntry color="#e84545"
‘<ColorMapEntry color="#e3fdfd"
'<ColorMapEntry color="#3f72af"
'<ColorMapEntry color="§£5£5¢£5"
‘<ColorMapEntry color="§252a34"
'¢/ColorMap>"' +
'</RasterSymbolizer>';

Map.addLayer (LandCover.sldstyle (Classes), ()},

quantity="170"
quantity="180"

quantity="190"
quantity="200"
gquantity="210"
quantity="220"
quantity="230"
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label="110

label="120

label="130
label="140
label="150
label="160

label="170
pormanently flooded (saline-brackish water)"/>' +
label="180

label="190
label="200
label="210

label="22

0

labal=" No

'‘Land Cover',0);

Irrigated croplands"™/>' +

Mosaic Croplands/Vegetation"/>' +
Mosaic Vegetation/Croplands”/>' +
Rainfed croplands"/>' +

Closed to open broadleavedevsrgresn
Closed broadleaved deciduous

Open broadleaved deciduous

Closed needlelsaved evargreen

Open neepdlelsaved deciducus or

- Closed to open mixed broadleaved
- Mosaic

- Mosaic

- Closed to open shrubland"/>' +

- Closed
- Sparse
- Closed

to open grassland"/>' ¢
vegetation"/>' +
to open broadleaved forest

- Closed broadleaved forest

- Closed to open vegetation

- Artificial azeas "/>' +

- Bare areas"/>' ¢+

- Water bodies"/>' +

- Permanent snow and ice "/>' +
data"/>' +



// 2 30mTographical data processing for land cover classification and RF modelling
var srtm = ee.Image('USGS/SRTMGLL1 003');

var srtm = srtm.clip(Australia)

var elevation = srtm.select('ealevation');

var slope = 2e.Terrain.slope(elevation);

var aspect = ee.Terrain.aspect(elevation);

var palette = ['85a392','565d47','155263",'3593246",'52616b', 'cYdEdE’, 'ecccca']
Map.addLayer (elevation, {min: 150, max: %00,palette: palette}, 'SRTM 20m elevation',k();

var palette = ['=scecsc','claS7b','30475e",'222831")
Map.addLayer (slope, {min: 0, max: ,palette: palette), 'SRTM 30m slops',0);

var palette = ['ffffff','££fa372','512h58",'2c003=")
Map.addLayer (aspect, {min: ©, max: 3¢0, palette: palette), 'SETM 30m aspect',l);
// 3 Population WorldPop Global Project Population Data 100m
var dataset = ee.ImageCollection("WorldPop/GP/100m/pop”).filterDate('2019");
var pop_100m = dataset.select('population');
%m populationVis = { min: 0.0, max: (.05,
palette: ['3C1642','92dceS','affc4l','d4££50"', 'f6£578','£6d743"','£6£578"']})
var pop_100m = pop_100m.mosaic().clip(Australia)
Map.addLayer (pop_100m,populationvis, 'Population 100m',0);

// 4 Road

var road _shp = ee.FeatureCollection("users/sulovaandrea/AUS roads");

var road_img = ee.Image().toByte() .paint(road_shp, .);

var road_no_img = road_img.unmask(U).gt(U);

var cumulativeCost_rcad = ee.Image(!).cumulativeCost({scurce: road nc_img, maxDistance: 20000 }));

var cumulativeCost_road clip = cumulativeCost_road.clip(Australia)
var palettel = ['024245','16817a"',"'fa7441%",'££a372")
EEMap.addLayet(cunnlativeCost_toad_clip, {min: ¢, max: 50000,
palette: palettel), 'Roads cost 50 ka', 0);
Map.addLayer (road_img, {min: 0, max: !, palette: '222831'),'Roads’', 0);

var Cost_road lkm = ee.Image(.).cumulativeCost ({source: road no_img, maxDistance: 000U})
.reproject(ee.Projection('ErsG:4326") .atScale(=00));

var Cost_road_lkm = Cost_road_lkm.unmask(.000000).clip(Australia)
Map.addLayer (Cost_road_lkm, (min: U, max: 30000, palette: palettel), 'Roads Coast 30km Raster', [
):

// S Electric Line

var ele_line = ee.FeatureCollection("users/sulovaandrea/Aus Electric Line");

var ele_img = ee.Image().toByte().paint(ele_line, ).clip(Australia);

var ele_no_img = ele_img.unmask(/).gt(0).clip(Australia);

var palette2 = ['06€23b', 'black']

Map.addLayer (ele_img, {min: 0, max: !, paletts: palette2},'Elsctric Line',0);

var Ele_Line = ele_no_img.reproject (ee.Projection('EFSG:4326') .atScale(10)) . .clip(Australia);
ﬁ?nap.addmaya:(zle_Line, {min: 0, max: 1,

palette: palette2), 'Electric Line Raster', J);

// 7 Human Modification - 1km

var GHM = ee.ImageCollection("CS5P/HM/GlobalHumanModification™)

var GHM_index = GHM.mean().clip(Australia)

var palette_GHM = ['85a3%2','#C78808','#4EBE0Q7','26D5F6",'DDCCOS’ , ' $#16085C")

Map.addLayer (GHM_index, {min:0, max:l, palette:palette_GHM), 'Global Human Modification',l);

// 8 MODIS NDVI 250m
var dataset = ee.ImageCollection('MODIS/006/MODI3QL")
.filter(ee.Filter.date('2019-09-01"', '2020-02-22'));

var ndvi = dataset.select('NDVI') .mean().clip(Australia);;

var ndviVis = { min: 0.0, max: 0000.0,
palette: ['FFFFFF', 'CETE4S', 'DFS23D', 'F1B555', 'FCD163', '94B718',
'74A901','€6A000", '529400', '3E8601', '207401', '056201', '004c00',
'023801', '0O12g01', '0O11Dp0O1°', '011301'],):

Map.addLayer (ndvi, ndvivis, 'NDVI 250 MODIS',U);

// 9 Soil Depth SLGA: Soil and Landscape Grid of Australia (Soil Attributes)
// 90m Depth of soil profile (A & B horizons)
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130 var dataset = ee.ImageCollection('CSIRO/SLGA').

131 filter(ee.Filter.eq('atrribute code', 'DES'));

132 var soilDepth = dataset.select('DES 000 200 EV').mosaic().clip(Australia);
133 var soilDepthVis = (min: 0, max: 2,

134 palette: ['252525', *‘flabB86', 'c57b57', '1E2D2F', '041F1E'],);
135 Map.addLayer (soilDepth, soilDepthVis, 'Soil Depth',0);

136

137 // 11 Climate - WIND SPEED 2.5 arc minutes more then 2km

138 var vs = ee.ImageCollection(’'IDAHO EPSCOR/TERRACLIMATE')

139 .filter(ee.Filter.date('2019-09-01", '2019-12-31'));
140 var vs = vs.select('vs').reduce(ee.Reducer.mean()) .clip(Australia);

141 var vsVis = { min:100,max: 400,palette: ['F7F3F0','DFDFDF','456A81", '1E96FC','00171F'],);
142 Map.addLayer (vs, vsVis, 'Wind-speed at 10m Scale 0,01',0);

143

144 // 12 Maximum temperature 2.5 arc minutes more then 2km

145 var temp max = eeo.ImageCollection('IDAHO EPSCOR/TERRACLIMATE')

14¢ .filter(ee.Filter.date('2015~-05-01"', '2019-12-31'));

147 var temp max = temp_max.select(’tmmx').reduce(ee.Reducer.mean()).clip(Australia);
148 ﬁ?v&t vsVis = { min: 200,max: 400,

148 palette: ['FSEBEQ','FSEE63','E3B50S','F18805','EA2BIF', '550527'),});

150 Map.addLayer (temp_max, vsVis, 'Maximum temperature Scale 0,1',0);

152 // 13 Drought Severity Index

153 var Drought_Palmer= ee.ImageCollection('IDAHO EPSCOR/TERRACLIMATE')

154 .filter(ee.Filter.date('2019-09-01"', '201%-12-31')):
155 var Drought_Index = Drought Palmer.select('pdsi').reduce (ee.Reducer.mean())
156 .clip(Australia);

157 var DroughVis = { min:-300 max: 100,

158 palette: ['40C778','6D8S5D', 'COBEAO','CDY478", 'ESE6E4"],):

159 Map.addLayer (Drought_Index, DroughVis, 'Palmer Drought Severity Index', 0);

161 // 14 Precipitation accumulation

162 var Precipitation= ee.ImageCollection('IDAHO EPSCOR/TERRACLIMATE')

163 .filter(ee.Filter.date('2019-08-01", '2019-12-31"'));

164 var Pracipitation = Precipitation.select('pr').reduce (ee.Reducer.mean()).clip(Rustralia);
165 var PrecipVIS = { min:J ,max: 70,

166 palette: ['EEF4ED','SDASC4','00ASES’, 00TEAT', 003459, 00171F']),);
187 Map.addLayer (Precipitation, PrecipVIS, 'Precipitation accumulation mm',0);

168

169 // 15 Soil Moisture

170 var Soil Moisture- ee.ImageCollection('IDAHO EPSCOR/TERRACLIMATE')

171 .filter(ee.Filter.date('2019-09-01"', '2019-12-31"));

172 var Soil Moisture = Soil Moisture.select('=cil').reduce(ee.Reducer.mean()).clip(Australia)
173 var PrecipVIS = ( min:J ,max:cl0,

174 palette: ['EEF4ED','8DASC4','00ABES', '007EA7', 003459, '00171F"'],);

175 Map.addLayer (Soil Moisture, PrecipVis, 'Soil moisture Scale 0.1',0);

»177 // MERGE ALL _VARIABLES

178

179 var merge = LandCover.addBands(elevation) .addBands (slope) .addBands (aspect)

180 .addBands (GHM_index) .addBands (pop_100m) .addBands (Soil_Moisture)

181 .addBands (Cost_road_lkm) .addBands (Ele_Line) .addBands (ndvi)

ig2 .addBands (soilDepth) .addBands (vs) .addBands (temp_max) .addBands (Drought_Index)
183 .addBands (Precipitation)

184

i8S var merge = merge.select(['discrete_classification', 'elevation', 'slope',

186 ‘aspect', 'gHM',‘population’, 'soil mean', ‘cumulative_cost',‘'constant’,

187 'NDVI', 'DES_000_200 EV','vs_mean’, 'tmmx mean', 'pdsi mean', 'pr mean'],

188 ['Land Cover', 'Elevatiom', 'Slope', 'Aspect', 'Global Human Modificatiom’',
189 EE 'Population', ‘Soil Moisture', ‘Distance From Road', ‘Electric Network',

180 'NDVI','Soil Depth', 'Wind Speed', 'Temperature', 'Drought','Precipitation'])
181

192 var bands= ['Land Cover', 'Elevation', 'Slope', 'Aspect', 'Global Human Modification',
193 Ef 'Population’', 'Soil Moisture', 'Distance From Road','Electric Network',
194 'RDVI’', 'Soil Depth', 'Wind Speed', 'Temperature', 'Drought’',’'Precipitation']
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/1 RANDOM_FOREST CLASSIFICATION

var point = ee.FeatureCollection("ussrs/sulovaandrea/TrainingDatassc™)

var active_fire_point = point.filterMetadata("fire","equals",kl)
Map.addLayer (active_fire point, {color:'orange',size:U.l}, 'Active Fir
var No_fire_point = point.filterMetadata("firs","equals", )
Map.addLayer (No_fire point, (color:'black’',size:0.l}, 'No-Fire Points',l);

m
o
o
v
e |
o
w

print(point.size())

// Sample the input imagery to get a FeatureCollection of training data.
var classifierTraining = merge.sampleRegions(
{collection: point, properties: ['fire'], scale: 500));

// Make a Random Forest classifier and train it.

var RF_classifier = ee.Classifier.smileRandomForest(:.0) . .train(
{features:classifierTraining,
classProperty:'fire',inputProperties: bands});

var classification = merge.classify(RF_classifier);

%H&p.addl.ayox(clusi!ication. {min: O, max: 1,

palette: ['green', 'red']},’'classification', 0);

var RF_Classsifier = ee.Classifier.smileRandomForest(3.0)
.setOutputMode (' PROSBABILITY') .train(classifierTraining,"fire");

var RF_Classs_Pro= merge.classify(RF_Classsifier);

%Map.addl.ayet(R!‘_Clasas_Pro, {min: 0, max: 1,

palette: ['green', 'red']),‘'classification Pro', 0);
print(classifierTraining.size())

var classification REG = merge.classify(classifier REG);

EEHap.addLayer(classification_nzc. {min: 0, max: !,

palette: ['green', 'red']),'classification_REG', 0);
var test_classification = classifierTraining.classify(RF_classifier)
var confusionMatrix =test_classification.errorMatrix('fire', 6 'classification');

var confusionMatrixArray = ee.Feature(null, {matrix: confusionMatrix.array())):
print('Internal Confusion Matrix:', confusionMatrixArray);

var overAccuracy = ee.Feature(null, (matrix: confusionMatrix.accuracy())):
print('Internal Overal Accuracy:', overAccuracy)

var kappa = ee.Feature(null, (matrix: confusionMatrix.kappa())):
print('Internal kappa:', kappa)

// ACCURACY ASSESSMENT

var split = 0.7; // 70% training, 30% testing.

var classifierTraining= classifierTraining.randomColumn() ;

var trained = classifierTraining.filter(ee.Filter.lt('random', split));
var test = classifierTraining.filter(ee.filter.gte('random', split));
print ('Number of training dataset: ', trained.size())

print('Number of test datassc: ', test.size())

var classifier trained = ee.Classifier.smileRandomForest(0J).train

classProperty:'fire’',
inputProperties: bands});

ﬁ? ({features:trained,

var test_classification = test.classify(classifier_trained)
var confusionMatrix =test_classification.errorMatrix('fire','classification');

var confusionMatrixArray = ee.Feature(null, {matrix: confusionMatrix.array())});
print('Confusion Matrix:', confusionMatrixArrav):
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266

287 var overAccuracy = ee.Feature(null, {matrix: confusionMatrix.accuracy()}):
268 print('Ovaral Accuracy:', overAccuracy)
269

2740 var kappa = ee.Feature(null, {matrix: confusionMatrix.kappa()});

271 print(' kappa:', kappa)

212

273 // VARIABLE IMPORTANCE

274

275 var RF_Classsifier_explain = RF_Classsifier.explain():

27 print ('Explain:',RF_Classsifier explain);

277 var variable_importance = ee.Feature(null, ees.Dictionary(RF_Classsifier_explain)
278 .get('importance'));

279

280 var chart = ui.Chart.feature.byProperty(variable_importance).setChartType ('Columntha
281 .setOptions({title: 'Random Forest Variable Importance',

282 legend: {position: ‘nons'},

283 hAxis: (title: 'Bands'},

<84 vAxis: (title: 'Importance'},

285 colors: ['2=€51ib'])):;

286

287 print (chare) ;

288

285

280 /17 PRO_MAP

251 var Pro ='<RasterSymbolizer>'s$

292 '‘<ColorMap type = "intervals" extended="trus" >' +
293 '<ColorMapEntry color="#2e651b" quantity="0" label="0.20"/>' +

254 '<ColorMapEntry color="#55al3b" gquantity="0.21" label="0.40"/>' +

285 '<ColorMapEntry color="#eSeeSa" gquantity="0.41" label="0.60"/>' +

296 ‘<ColorMapEntry color="#d39b56" quantity=*0.61" label="0.80"/>' +

257 '<ColorMapEntry color="#f£62008" guantity="0.81" label="0.999%"/>' +

298 ‘<ColorMapEntry color="#£62008" quantity="0.99991" label="0.995%9"/>' +
259 ‘</ColorMap>' +

300 '</RasterSymbolizer>';

301 Map.addbLayer (RF_Classs_Pro.sldStyle(Pro), (}, ‘classifier legend',l);

302

303 var legend = ui.Panel({style: {position:
304 var legendTitle = ui.Label({value:

'‘middle~-right',padding: 'SBpx 15px'}});
'Fire Probability',style: {fontWeight: 'bold' ,

305 fontSize: 'l2px', margin: 'Zpx',padding: '2px'}});

306 legend.add (legendTitle) ;

307

308 /7 Creates and styles 1 row of the legend

309

3190 var Row = function(color, name)

311 {var colorBox = ui.Label((style: { backgroundCelor: color,

312 padding: 'Spx', margin: 'O 0 4px 0')}});

313 var description = ui.label({value: name,style: {margin: '0C O Zpx 3Jpx'}});
314 return ui.Panel ((widgets: [colorBox, description],

315 layout: ui.Panel.Layout.Flow('horizontal')})}:

316

317 var palette =['#20c51b', '#55al3b', 'feSeeda’, '#d439b56', '#f£62008');

318

319 var names = ['Very Low (0% — 20%)',' Low (21% - 40%)°',

320 ‘Medium (41% - ©0%)', 'High (61% - 80%)°',

321 'Very High (80% - 100%)'}

322

323 for (var i = 0; i <5; i++) (

324 legend.add (Row(palette[i], names([i])) ;)

325 Map.add (legend) ;

326

327 // Basemap

328 var mapStyle = [

329 {elementType: 'goometcy', stylers: [{color: '#ebeicd'}]},

330 {elementType: ‘'labels.text.fill', stylers: [{color: '#523735'}]},

331 {elementType: 'labels.text.stroke', stylers: [{color: '#fS5fie€’'}]},

332 {featureType: ‘'administrative',elementType: ‘gocmetry.stroke',

333 stylers: [{color: '#cSbZat€'}] },

334 {featureType: 'administrativs,land parcel',elementType: 'gesometry.strokes',
335 stylers: [{color: '#dcd2be'}])},

336 {featureType: 'administrative.land parcel',elementType: 'labels.text.fill',
337 stylers: [{color: '#3e%=50'}]1},

338 {featureTvne: ‘administrative.land varcel'. elementTvoe: 'labels.text.stroke'.
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336 stylers: [{color: "H000040'), (visibility: 'simplified’}]),

340 {featureType: 'administrativs.neighborhood',elementType: 'labels.text.fill',
341 stylers: [{color: '#403080')1)},

342 {featureType: 'landscape.man made',elementType: 'gecmetry.fill',
343 stylers: [{color: '#800040')}]},

344 {featureType: 'landscape.natural’, elementType: 'gesometry',

345 stylers: [{color: 'blue'}]l},

346 {featureType: 'landscape.natural',elementType: 'geomecry.fill',
347 stylers: [{color: 'blus'}]l},

348 {featureType: 'landscape.natural.terrain',elementType: 'gecmetry.fill',
349 stylers: [{coloxr: ‘blus'}]}},

350 {featureType: 'road’',elementType: 'geomestry',

351 stylers: [{color: '#f5fle6')]),

352 {featureType: 'road.highway',elementType: 'geometry',

353 stylers: [{color: '#£8c%67')}1},

354 {featureType: 'road.highway',elementType: 'geocmetry.stroke',

355 stylers: [{color: '#eSbcel2'}])},

356 {featureType: 'road.local',elementType: 'labels.text.fill',

357 stylers: [{color: '#20EbE3')}]},

358 {featureType: 'water', elementType: 'geometry.fill',

358 stylers: [{color: '#bSd3c2'}] )},

360 {featureType: 'water',elementType: 'labels.text.fill',

361 stylers: [{color: ‘blu='}]}}]:

362

363 Map.setOptions('mapStyle', (mapStyle: mapStyle));

364
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