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Abstract

Due to the increasing consequences of climate change, many areas in Alberta are becoming prone
to wildfires thatthreaten urban infrastructure, defined as the Wildldrigan Interface (WUI)

fires. In the last decade, wildfires in Canada have burned an area equivalent to 2.9 million hectares.
It is, therefore, necessary to develop a more advanced framework to detérmibehaviour
parameters such as rate of spread (ROS) and head fire intensity (HFI) at theaalerdrhis

would enable urban decisignakers to take decisive actions toward more resilient infrastructure

systems.

The framework proposed in this resdaemnploys stredevel crowdsensing videos to extract up
to-date micrescale fuel information for the fire behaviour prediction system. Automated satellite
imagery analysis is also applied to extract fuel information in areas with limited crowdsensing data
availability. Al-based object detection and image segmentation algorithms have been developed

to detect fuel types and features from the image data.

The Kinsmen Sport Centre in Edmonton was studied as the building of interest, and the inputs
from crowdsening data for August 16th and November 1st, 2022 were used to calculate the rate
of spread and head fire intensity. This study demonstrates the potential of crowdbassithg
methods to extract detailed andtapdate fuel information necessary for deyehg strategies to

mitigate fire risks in WUI areas.

1 Introduction

Due to the increasing risk of climate change in the coming years, many areas in Canada where
wildlands and urban development meet are becoming more susceptible to wildétiesal
Guide br WildlandUrban Interfac€WUI) Fires[1], issued bythe National Research Coundaf
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Canada estimatedthat 5,553 fires happened in the last decgadi@magingaround 2.9 million
hectares of wildlandUrban areas, particularly those situated close tolavitis,are becoming

more vulnerable as they are located within or near densely forestedfareasnt example is the

fire that occurred in the city of Lytton, BC on June 30, 2021, which destroyed 151 buildings and
claimed the lives of 2 people [According to a summary report to the British Columbia FireSmart
Committee a fundamental cause of the disaster was the lack of appropriate mitigation on
vulnerability and exposure of structuredite-pronewildland areas [2]In regards tdhe City of
Edmonta, river valley fires in 20163] and a most recent one in 2028 are examples of how
important could be the WUI fire risk assessment tfeg resiliency of urban buildings and

infrastructure in a resiligrcity.

Although severaémpirical and accurate approaches have been formulated to estimate the
fire behaviourin forest fires such ag&nderson[5] and Van Wagner[6], they have limited
approaches to estimate the riskaafildland fire near buildings and humamade structure©n
the other handyational Guide foMWWUI Fires[1] provides recommendations to reduce \tfiel
fire risk on buildings yet it offers simplistic approacko estimate the firbehavioumear building
areascompared to the empirical approaches, presumablytouthe lack ofreaktime data
availability. Effective featuresuch as seasonal changes in deciduous trees, the curing effect on
grassesand the crown base height on conifeage fundamentaparametershat are crucial in

estimatingfire risk.

Most comnon wildfire risk assessments are performed using satellite and aerial images.
Regarding WUIemploying such technologies farban vegetation mapping hiasen the subject
of previous studie§7]. Thesetechnologiesallow researchers to captunggh-resolution images
from different angles, making it easier to map urban vegetation dowerof the advantages of
using satellite imagery for urban vegetation mapping &hitty to cover large areas quickly and
efficiently. Additionally, satelliteimagery can providelata over extended periods, allowing

researchers to analyze vegetation cover chaogestime. UAV imagery provides even higher
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resolution images and is useful for mappsigall areas or capturing images of vegetation in
difficult-to-reach locations. However, thase of satellite and UAV imagery has some
disadvantages. Atmospheric conditions sasltloud cover and haze can reduce the quality and
accuracy of these images. The cosplataining and processing satellite or UAV imageny akso

be high, which may limit itsise in some research projed#reover, it is important to note that
these methods may not provide dynamic andougate information about fuel conditions due to
the fact that they are not updated frequently. Therefonde remote sensing techniques can be
an effective tool for the initial mapping and monitoring of urban vegetation, they should be
integrated with grountbased regularipdated sources for a more comprehensive understanding
of vegetation dynamics in lban areas.

Recent literature has highlightéendsin assessing urbafuels along street networks
which have gained attention and are promoted by a larger number of municip@Jitigse| first
trend is the growing availability of lowost, detailed, ahcrowdsourced stredevel imagery,
which comprises photographs of street scenes taken from the g8l [The second trend is
the success of Convolutional Neural Networks in extracting abstract features and objects in
imagery, outcompetingtraditional methods 11]. Streetlevel imagery is being used to estimate
the percentage of detected canapyeredpixels relative to the total number of pixels in an image,
which quantifies thépp er cei ved ur b alf. Siendaryplp gt al.cfL8] wsedgkeen [

pixels in street view scenes to estimate the percentage of vegetation in streets.

The technique of using streletvel imagery along with deep learning has been employed
to improve the accuracy of tree inventories based on coarse street addressascuvitlte
geographic coordinates [14]. Laumer et adl] [dtilized this method and were able to match 38%
of over 50,000 identified street trees to their respective dteetaddresses. Meanwhile, Wegner
et al. [15] developed a workflow that combinestresults of Faster Region Convolutional Neural
Network (RCNN) tree detection from Google Street View (GSV) and aerial imagery with data
from Google Maps in a probabilistic model to automatically detect and geolocate street trees. They
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were able to classi 18 different species among the detected trees by usinglstveetaind aerial

imagery.

This researchaims at developing #amework that will applynovel technologies and
methods tautomae the reakttime collecion and proceseg of urban fuel imagessingartificial
intelligence (Al) and computer vision,applied tohigh-resolution satellite images as well as
crowdsensingvideos from carmountedcamerasto address previoubmitations and prowme
updatedWUlI fire risks. This research is performed in fiple stages. First, the satellite images
will be analyzed to create automated priority zones around buildings considering topography
effects, as well as automatwicro-level fuel mapping through employingpnvolutional neural
networks (CNN). In the nexdtage, stredevel crowdsensing/ideos fromcarmounted cameras
will be analyzedo identifythetype anccharacteristicsf fuels such as curing of the grass, seasonal
changes on deciduoumdthecrown base height of conifeds the final stage, thEire Behavior
Prediction (FBP) and Fire Weather Index (FWI) systems will be implemented to calculate-the real
time fire intensity map around buildingeherefore the updated fire risk mapill help decision
makersin mitigating the risk of fires in WUI agasand increases the resilience of future smart
cities It is worth noting that throughout this report, the results for each step will be presented for
theKinsmen Sport Centre building locatedtie Edmonton river valley. However, the automated
processproposed in this study makes it possible to create similar results for any other building

assuming the availabilitgf the necessargata.

2 Satellite Image Analysis

In this section, the automated analysis performed on satellite insggesented. First, topography
analysis and priority zone detections are discusdaeh micro-level fuel detection using satellite

imagess presented.
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2.1 Topographic and Priority Zone Analysis

One of theimportant factos affectingthe fire risk intensity is topographys the wind blows
upward, the flame preheghe fuels located up the hitausing highespreadevels compared to
aflat terrain[1]. This step of the analysis follovtke WUI Guideline suggestion in implementing

ground slope effects to adjust priority zones around buildings, which will be covered below

The first steps to extract the topographic information for the entire city of Edmonton using
the opersource database CanVec Series managed by the Governmeahadalll6]. After

finding the elevation data points, the percent ground skdlpbe calculatedas:

b 'Ol ¢ 6"Y&¥ 19 p T Q)

Fig. 1 shows the topographic map and the percent ground slope of the area around the
Kinsmen Sport Centduilding. The percent slope thenused tocalculatetwo parameters, the
spread factor which scales the rate of spread of the wildfire (m/min) based on how steep the terrain
is and will be explained in more detan the As reported in the preceding sections, the
crowdsensing data from ecarounted cameras can overcome major issues facing sdbekieel
analysis. However, it also has some limitations. HFwmtance, it only can determine fuel
characteristics along the road and it cannot cover and extract fuel information inside forested and
parkland areas where roads are not available. Thereby, there is a need to ithtegnage scale
butlow-detailed stellite analysis with the smadicalebuthigh-detailed crowdsensing information

to have a more precise updated understanding of the fire risk for WUI areas.

Fire Behavior Analysisection and the ignition or priority zones which is the area surrounding
the building that needs fuel treatment to prevent wiédfrom spreading and causing damage into
the building [1].
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Fig. 1. Topogmaphicmap (left) and slope map (right) around the area surroundingitisnenSport Center building

According to the WUI GuidelinEl], thefirst priority zone extends 0 to 10 meters from the
building with the first 1.5 meters being a roombustible zonehis zone should consist of fire
resistant vegetative combustiblesd potential fuels that cause surface fjresch as mulch and
wooden debs, should be removedn addition, thecured grass should be cut to minimize the
probability of ignition and the fire intensity if it were to occur. Bezondoriority zone extends
from 10 to 30 metersn this area, trees should be trimmed, tree brarsin@sid be cut at least 2
meters from the ground and separadetbast 3 metersom each other while dry grass, debris
and needles should be continuously remo¥athlly, thethird priority zone extends from 30 to
100 meters and it should contain fibeeaks between trees and other potential flammable

vegetation

To find the priority zoneghe Open Database of Buildings from Statistics Cahadais
usedto map the buildings of Edmonton and then morphological dilation is performed to generate
a buffer around th&insmen Sport Centrbuilding to get its respective priority zones as we can

seein Fig. 2.
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Buildings: white

Ignition zone 2: yellow

Fig. 2. Priority zones arounthe KinsmerSport Centrébuilding without topographic considerat®n

The priority zonegshenneed to be adjusted dependingtba slope around thesince the
topography is considered a significant factor in how the fire will specbrding to the WUI
Guideline [1] only the second and third priority zone should be adjusted depending on the slope

as follows:

1) If the slopewithin the second or theitld zoneis more than 30% but less or equal to 55%:
a. The priority zones should be expanded by a factor of 2 in the downward direction:
i. The secondone is extended from 30 to 60 meters.
ii. The thirdzone is extended from 100 to 200 meters.
b. The priority zoneshould be expanded by a factor of 1.5 in the horizontal direction:
i. The secondone is extended from 30 to 45 meters.
ii. The thirdzone is extended from 100 to 150 meters.
2) If the slope within the second or the third zimenore than 55%:
a. The priority zoneshould be expanded by a factor of 4 in the downward direction:
i. The secondone isextended from 30 to 120 meters.
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ii. The thirdzone is extended from 100 to 400 meters.
b. The priority zones should be expanded by a factor of 2 in the horizontal direction:
i. The seond zoneds extended from 30 to 60 meters.

ii. The thirdzone is extended from 100 to 200 meters.

Regarding Kinsmen Sport Cerigsurroundingegion the areas with slope ranges of 30~55% and
above 55% ardlustrated inFig. 3a andFig. 3b, respectively. Note that the priority zones in this

figure donot account for the slope effects.
161

150
160

445 159

Slope Magnitude (percentage)
Slope Magnitude (percentage)

@) (b)

Fig. 3. Areas withslope ranges of (a) within 30% to 55% and (b) above 55% surrouti@ikgnsmen Sport Centre
building (circled in red represent the slopes inside the priority zones)

As seen irFig. 3, several regions with slopes greater than 30% but less than 55% are véthin th
second and third priority zones; therefore, we need to extend them by a factor of 2 in the southeast
direction and by a factor of 1.5 in the remaining direction as per the rules described in the previous
page. This is automatically done by changing th#ebp used to create the priority ared$e

resulting slopeadjusted priority zonearoundthe Kinsmen Sport Centre buildingre shown in

Fig. 4.
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Buildings: white

Ignition zone 2: yellow

Fig. 4. Slopeadjusted priority zones aroutite Kinsmen Sport Centre building
2.2 Fuel Identification and Classification

Fuel identification and classification is an importanstep in identifying several primary
characteristicof fire behaviour The FPB systenifuel classificationis based on the intrinsic
properties of the area such as composition, floor cover, organic layer, stand steticiiik8]. In
this research;BP-based fuel types that atemmonly found in Edmontoare cmsidered, aseen
in Tablel.

The currenfuel map used in the Canadiime Behavior Prediction (FBP) Systeshown
in Fig. 5, was derived from forest attribute data based on satellite imagery acquired by NASA
sensorswhere thduel types were assigned based on vdgetadype, tree species, crown closure,
stand height, and other attributd®][ However, a drawback of this fuel map is that ibsa
macrclevel scale which is not suitable for urbanale fire risk analysis. Thus, miel@vel fuel
mapping needs to Employed for WUI fire risk assessment.
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Table 1. Fuel Type and Classificatiod §]

Fuel Type Name

FBP Label

Description

Deciduous Forest

D-1

The fueltype is composedf moderatelytrembling aspen, white birck
and balsanpoplartrees with medium to tall shrubs and herb laye
They can be leafless due to spring,, fatldisease

Boreal Spruce Fores

The fueltype is composedf spruce.lt containscontinuousshrubs

moderate woody fuels and their tree crowns might extend to the gt
which poses a higher risk of crown fires since surface firesasity

spread into them

Mature Jack Forest

C-3

The fueltype is composedf jack or lodgepolepine, andtheir tree
crowns are separated from the ground. Sparse conifer understor
be present.

Mixed Wood Forests

M-1/M-2

Fuel type is composedf a mix of conifers andleciduous The fire
behaviourof these fuels will depenanthe composition percentagé
deciduous/coifers and whether they are leafless-{IMor with leaf
(M-2).

Grass

o1

The fuel type is composeadf continuous standing grass. The fi
properties of this fuel will deperzhthe percent of curing or dead ai
whether is matted like in early spring or standing like in late sumr
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Fig. 5. FPB Fuel Map from the Department of Natural Resources Cdt8pa
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This step otthe researchaims atdevelopng an automaticand accurat@rocess that will
identify fuelson amicro-level scaleaccording tahe FPB systenPreviousstudiesemphasiz¢he
use of convolutional neural networks (CNN) to identifydland fuels in satellite imagesuch as
Alipour et al. O] which focusedon the American fuel systenandLopezDe-Castroet al. R1]
which focusedon the Spanishfuel system However, nosimilar processwas found for the

Canadian wildfire system

A CNN is a type of neural network that is usegrocessclassify, and identifyobjecsin
images It has a convolutional layer and a significanmberof parameterén a neural netork
that can be adjustddr om a At r aln tmsiresapihg ResNeta0sareHitectureshown in
Fig. 6, is employed to train a model usihggh-resolution satellite images provided by Maxar
Technologies In¢.which arepublicly accessibléhrough theGoogle Maps APRIThe first stegs
to extrect and labe#t96 summersatellite imageacross th&dmonton city regiopresented iffrig.

7. The assignedprelabels were grass, trees, and voidlater, more classes will be included

according tahe FBP fuel system.

Convolutional Neural

Phase Network Outputs

Fuel

Identification
-1---- » O in the

Image

[ Input Image ]—)[ Convolution ]—)[ Pooling ]—)[ Convolution ]—)[ Pooling }

Fuel

B O Location
in the

Image

Fig. 6. Simplified Architecture of a Convolutional Neural Network
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Fig. 7. Summer Satellite Images (Left), Label Masks (Center)l Overlay Maps (Right)

The segmentatioprocessn the summer satellite imagashieved a validation accuracy
of 93% However,a limitation of usingsummersatelliteimages is that it is hard to differentiate
betweentypes of trees, mainly between corgfs and deciduousHowever, employing winter
satellite images will address this major challenge since the cdoli@ge are noticeableamong
leafless deciduous treeshroughtraining another CNN of ResNet50 with 80 labeled winter
satellite imagesshown inFig. 8, it was possibldo identify coniferous areas with\arification
accuracy of 82% and a testing accuracy of 72 P8édeciduous areawould then be detectéy

subtracting coniferous areas from tree canopies from summer satellite analysis
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Fig. 8. Winter Satellite Images (Left), Label Masks (Centarjd Overlay Maps (Right)

Following the detection ofthe conifeous deciduousand grassovered areassing the
CNN, which combined results are shownRig. 9, there is a need to differéate forests from
smaller canopy areaBoresttould bedefined using the definition from the Food and Agricultural
Organization (FAO) of the United Natiof22] asfland spanning more than 0.5 hectares with
trees higher than 5 meters and a canopy covenaré than 10 percemtTherefore,separated
canopy areas detected from CNN will be compared with the minimum forest apdeaitt forest

regions. Thigrocess is presentedhig. 10 for Kinsmen Sport Centre surrounding region
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Fig. 9. Satellite Image of Kinsmen Sport Center Building (Left), Label Masks (Ceatad)Overlay Maps (Right)

Fig. 10. Isolatedcanopy areashown indifferent colors (leftandareas considered foregtight)

Regarding fuel classethe compositionf eachof the foreste@reaswill be compared with
the FBP fuel classificationFig. 11 represents thdlowchart of the FBFbased forestuel
classification[23]. It should be noted that in this study, differeonhifertypessuchas white and
black spruce (€) or mature jack and/or lodgepole pines3{are not classified separately for
simplicity, which yields a general conifer class (C). Future studies will be dedicated to
implementing more fuel types and increasing detectionracies.
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