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Executive Summary

This report comprises a literature review on the use of machine learning (ML) in fire
susceptibility/hazard mapping, fuel mapping/characterization and experimental work on ember-
driven ignition. This review is part of the CRBE WUI Fire Hazard Assessment tool project.
Previously, a literature review on the use of ML in fire dynamics and detection was conducted
(Report A1-017985). The scope of the review involves:

1. Providing an overview of theoretical fundamentals on the ML applied in the literature.

2. Identifying the literature involved in ML in fire susceptibility/hazard mapping and fuel
mapping/characterization.

3. Identifying the literature involved in experimental ember-driven ignition in as a guide to the
data required to develop the ML-based tool.

Machine learning has been recently utilized in various applications and fields of science and
technologies with impressive results. With this in mind, several studies employed machine
learning for WUI fire incidents. The aim of previous studies in this literature have been to use
machine learning methods for prediction of fire susceptibility (hazard) maps as well as maps of
fuel characteristics. Overall, the trend found that ML-based methods, and in particular deep
learning methods, were outperforming traditional methods such as linear and logistic regression
in both fire susceptibility/hazard mapping and fuel mapping/characterization. With regards to the
proposed CRBE WUI Ember Hazard Assessment tool project, this literature review shows that no
study has examined the strict use of ML in the prediction of ignition probabilities/risk based on
ember-driven ignition, but a similar study using machine learning to predict firebrand areal mass
density and firebrand areal number density was found. Many studies have experimentally
documented solely ember-driven ignition, and this data can be used in a ML algorithm. However,
this literature review also identified gaps in the literature that can be addressed by additional
experimental work that would enhance the proposed ML-based tool. Additionally, the literature
presented novel work coupling thermal radiation with ember-driven ignition. These studies serve
as a foundation for understanding the mechanisms behind WUI fires and as a foundation to a
more complex ML-based algorithm that can predict coupled thermal radiation and ember-driven
ignition.
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1 Introduction

Six of the last ten most damaging fires involving structures over the last 100 years have been due
to wild-urban interface (WUI) fires (NIST, 2021). The wild-urban interface is defined as the location
where structures and communities meet or intermingle with undeveloped wildlands (NIST, 2021).
Structures ignited from firebrands, commonly known as embers, has been shown from post-fire
damage assessments to be a major source of structural ignitions in WUI fires (NIST, 2021).
Although this has been shown to be a major problem, codes and standards do not adequately
address the issue of firebrand exposure (NIST, 2021). Most structure ignitions are caused either
indirectly by embers that ignite low-intensity surface fires next to a home or directly by ember
ignitions on the home, not by direct flame heating (i.e., radiation or flame contact). Thus, the
creation of new codes, standards or tools that attempt to address the issue of firebrand exposure
is of great importance to public safety. This work attempts to tease out the needs of the latter, and
in particular examine the literature of machine learning used in WUI fire science and fire safety.

Machine learning (ML) has become an ever-increasingly-used technology applied in both
academia and industry outside of computer science (Butler et al., 2018; Liakos et al., 2018; Carleo
et al., 2019; Wei et al., 2019; Brunton et al., 2020; Meuwly, 2021). This is attributed to not only
the wide array of techniques involved, but also due to the ability of ML to make fast and accurate
predictions to the applied situation, when trained and tested properly. Machine learning is a
subfield of artificial intelligence and is the study of computer algorithms/models that improve
through experience (Murphy, 2012; Bengio et al., 2017; LeCun et al., 2015; Ray, 2019). This
experience is obtained when the algorithms learn estimates of their parameters through
describing underlying relationships in a given set of data. The model is often validated by plugging
the estimated parameters back into the algorithm and check if the algorithm can predict a portion
of the data when another portion is given. The above procedures are often referred as training
and testing of the algorithms, while the data used in each procedure are termed the training data
and the testing data.

There are three subfields of machine learning algorithms: supervised learning, unsupervised
learning, and reinforcement learning. Supervised learning is when the algorithms treat a set of
observations as an input/predictor and learn the underlying mapping of them to a set of associated
observations, termed the output/response. In contrary, unsupervised learning is when the
algorithms learn the underlying patterns from a set of observations with no associated
output/response provided. Lastly, reinforcement learning is when the algorithms learn to make
decisions to maximize rewards and minimize penalties based on actions taken by the agent who
will be completing a task. This review focuses on supervised and unsupervised learning.

Supervised and unsupervised learning algorithms are used to solve a few general tasks:
classification, regression and clustering. Classification and regression are supervised learning
tasks where algorithm learn the underlying mapping of an input to a discrete or continuous output,
respectively. On the other hand, clustering is an unsupervised learning task where algorithms
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learn to group/label datasets with similar properties. There are two specific examples of
application in computer science that demonstrate the utilization of these tasks. Object detection
deals with distinguishing between objects in an image or video. It is more specific in what it
identifies, applying classification to distinct objects in an image/video and using bounding boxes
to tells us where each object is in an image/video. On the other hand, segmentation is a type of
labeling where each pixel in an image is labeled with given concepts. Whole images are divided
into pixel groupings which can then be labeled and classified, with the goal of simplifying an image
or changing how an image is presented to a model, making it easier to analyze. Segmentation
models provide the exact outline of the object within an image, unlike classification models, where
the model identifies what is in an image, and detection models, which places a bounding box
around specific objects. The main focus on this background review will be on classification and
clustering and their methods and algorithms.

This literature review is a component of the ongoing CRBE project, Fire Hazard Assessment Tools
and Standard for Structures in WUI Areas, which is connected to the overarching WUI Standards
project. This literature review explores the use of machine learning to WUI fire susceptibility and
risk, and ember ignition probability prediction. WUI fire susceptibility is a broad topic, ranging from
susceptibility mapping, to forecasting WUI fire occurrence, and to ignition probability of wildland
fuel beds (Jain et al., 2020; Tymstra et al., 2020; Mell et al., 2010). This review will also examine
the available experimental literature data for ember ignition probability prediction, while
addressing the gaps that can be filled. The examination of the available experimental work is
relevant for this project because the data will be used to train a ML-based classifier for ember
ignition risk prediction tool, another component in the project. Thus, a thorough review of the
experimental literature will be important. This report comprises of a theory section, which provides
a high-level overview of the theoretical background to some of the ML methods used in the fire
susceptibility literature. The literature review section, where the literature on the use of ML in fire
susceptibility and experimental work on ember ignition prediction is examined in detail; and the
conclusion section, where some conclusions and recommendations will be drawn from the current
literature to apply to the ignition risk classifier.

2 Machine learning Algorithms Used in Fire
Susceptibility

Support vector machines (SVMs) are classifiers that determine the decision boundary in an n-
dimensional space between different data classes and are generally used in supervised learning.
The SVM determines the decision boundary by maximizing the Euclidian distance, known as the
margin, between the closest data points of each class to the boundary. Figure 1 presents two
examples of an SVM classification task. Two data sets, C; and C,, are separated by a hyperplane
that is determined by the SVM.
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Dividing hyperplane Dividing hyperplane
Figure 1. Examples of the support vector machine task.

Bayesian networks (BNs) are a type of probabilistic graphical model that uses Bayes’ theorem,
which relates the conditional and marginal probabilities of random variables, to determine
relationships between variables. BNs are generally used in supervised learning classification. The
goal of a Bayesian network is to model causation by representing the conditional dependencies
by edges (or arrows) in a direct graph (Figure 2). Naive Bayes is a subset of Bayesian networks,
but with the assumption of the input features being independent from one another and having
equal contributions to the output. The Naive Bayes (NB) classifier is simple to implement but can
lead to errors in prediction if variables are not independent. Figure 2 presents an example of a
Bayesian network. Starting at the first node (Cloudy), there is a 30% probably that the day is
cloudy. The first node in the second layer tells the reader the probability that it will be raining on
that day. If the day is cloudy, that is, if C = True (T), there’s a 70% change that it will rain. In the
other case, if C = False (F), there is a 0.5% chance that it will rain on that day. Similar logic
applied to the sprinkler node: If the day is cloudy, there is a small chance (10%) that the sprinkler
will be placed on the lawn, while if the day is clear, there will be an 80% chance that the sprinkler
will be placed on the lawn. The line that connects the Cloudy and Rain or Cloudy and Sprinkler
nodes represents a causational relationship. In the case of the Naive Bayes network, arrows are
generally in the reverse causal direction. In the Naive Bayes network example in Figure 2, arrows
would point out of the Wet Grass node, to the Rain and Sprinkler nodes, and the Cloudy feature
node would be removed, as it has no contribution to the Wet Grass node.
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Figure 2. Example of a Bayesian network (left). Example of a Naive Bayesian network (right).

Decision trees (DTs) are a type of non-parametric, sequential, and hierarchical graphical model
used in ML for both supervised classification and regression predictions. They are structured with
branches, decisions nodes and leaf nodes. The decision (or internal) node splits the tree into
different branches, with each branch representing the path the ML algorithm has taken to another
decision node. At the end of the path, the tree is terminated with a leaf node, which represents
the output of the ML algorithm. The main goal of the DT algorithm is the represent the task at
hand with the most compact tree possible. The tree is built in a process called induction, where
all of the hierarchical decision boundaries are set. Removing the unnecessary structures from the
DT is performed in a process called pruning. Some major advantages of DTs are that they are
highly interpretable, even to non-experts and can lead of insights that would be otherwise difficult
to determine, and they can be constructed easily. They can also handle both categorical and
numerical data. Some disadvantage of DTs are that they are unstable, as small changes in the
data can lead to large changes in the structure of the tree and they are relatively inaccurate
compared to other methods such as artificial neural networks. Figure 3 presents an example of a
DT. In this example, the goal is to determine the day’s action. The first decision node is to
determine whether one has work to do. The node then has two branches, “No” or “Yes”. If “No”,
then the algorithm moves down to the next decision node, the weather outlook. If “Yes”, then the
path terminates at the leaf node “Stay in”, to complete the work. This process occurs until reaching
a leaf node, representing the output of the algorithm. Random forests (RFs) are ensemble models
that are an extension of DTs, where many DTs are trained and ensembled. Once ensembled (or
bagged), the decision (or classification) with the most votes is determined to be the model output.
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Figure 3. Example of a decision tree.

K-nearest neighbours (KNNs) algorithm is a non-parametric classification algorithm used in
supervised learning, based on the idea that similar data points are close to each other based on
some property or feature. KNNs determine the similarity of data points by using the Euclidian
distance between the k closest data points. Figure 4 presents an example of a KNN algorithm.
Suppose we have some data point, represented by the green diamond in Figure 4a that needs to
be classified. In the KNN algorithm, one of the parameters is to specify the number of nearest
neighbours to compare the unknown data point with. Suppose we had chosen the nearest three
data points, represented by the black circle in Figure 4b. The green diamond would then be
classified as a red dot, as this is most common neighbour of the three data points. Suppose we
expanded it to the nearest five points of data (Figure 4c). The center data point of interest will be
labeled as a blue dot, based on the closest neighbours in this case.

a) o o b) o o c) o o
.. .. °* % o .. .. .. e % o .. .. .. e % o ..
.. ® " ¢ .o : ® ® .o : e .o
® ° g @ [ ] ® .. [ ] ® .. ® @
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Figure 4. Example of k-nearest neighbours algorithm.

K-means (KMs) is a clustering algorithm used in unsupervised learning. It is similar to the KNN
algorithm, but the difference is that k refers to the number of cluster centroids to cluster the data
around. More importantly, the label of the data are known in the KNN algorithm (coloured in the
figure) and hence serves as the output in a classification task. In the KMs algorithm, the labels
are unknown (uncoloured in the figure) and hence it is a clustering task. The goal of the algorithm
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is to determine the k number of centroids and cluster the data to the nearest centroid while
keeping the centroids as small as possible. Figure 5 presents an example of a k-means algorithm,
with three centroids (represented by the X)) classifying the data clusters.

Unlabelled Dataset Labelled Dataset
™
™
°* o o e Apply
o ® ° k-means
°«°*, . e °® ™
o * ®* . °
™
o0
* %
e o
® o

Figure 5. Example of k-means algorithm.

Generalized linear models (GLMs) can be used in both supervised classification and regression
tasks. The most common GLM is linear regression or multi-variate linear regression. Another
common GLM is logistic regression. The goal of the GLM is to determine a linear mapping
between the inputs/features and outputs, while minimizing the error between the prediction and
the output data. Figure 6 presents an illustration of a linear regression (a) and a logistic regression
(b). The red lines represent the model and the blue dots represent the data, with input x and
output y.

Figure 6. Examples of generalized linear models.

Hidden Markov models (HMMs) are unsupervised learning probabilistic models that cluster
sequences (as opposed to feature inputs), based on Markov processes (Smyth, 1996). However,
they are often trained using supervised learning methods when training data is available. Markov
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processes are random processes that are indexed by time with the property that the future state
is independent of the past state, but dependent on the present state. The goal is to find the best
set of states and probabilities to derive the maximum likelihood estimate of parameters given the
set of output sequences. Figure 7 is an example of an HMM. In this example, suppose two friends
Jane and Jill are working in an office with no windows. Jane has a rough understanding of Jill's
emotions (Happy or Grumpy) as Jill walks into the office based on the weather (Sunny or Rainy).
Jane does not know how the weather is outside, but based on Jill's responses, the weather can
be probabilistically inferred based on Jill’'s emotions. In the example, Sunny and Rainy nodes are
the hidden states, while the state-dependent outputs (Happy and Grumpy) are visible.

_ Start| - -,
-- 04! 106 (==
| j— |
:0,7' -=J [t 0.3,
- ,(\ 10.5)
Sunny Raining
103!
[ [ -=/ r - - f__l
05y N 03y Nes,
Happy Grumpy Happy Grumpy

Figure 7.Example of a hidden Markov model.

Artificial neural networks (ANNs) are computing systems inspired by and are an attempt to mimic
the behaviour of the human brain. They are used in supervised, unsupervised and reinforcement
learning, for a wide array of tasks. The basic units of an ANN are neurons (Figure 8a). Neurons
are composed of three parts: the input, the activation function and the output. For observations
i=1,..nand neurons j = 1,...,m, the input, Xj is where the data or the output of the previous
neuron is fed into. The data is then passed through an activation function g, which performs a
calculation based on applied weights, w;;, multiplied to the input values for some function g,

resulting in the output y; described by the equation:

m
Yi=4g Z WijXj
j=1

Some activation functions include the sigmoid, hyperbolic tangent and rectified linear unit. Figure
8a presented a simplified single-input-single-output neuron. Connecting many of these neurons
in parallel in multiple layers results in a fully-connected network. A simplified fully-connected
network with one output node at the end of the network is called a perceptron (Figure 8b). The
first layer of the perceptron is the input layer, where the dataset is passed into the neural network.
The following layers are called hidden layers. These layers perform a calculation based on the
applied weights and input values from the previous layer for some activation function. Finally, the
last layer is called the output layer. This final layer outputs the prediction hy, from the neural
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network. When there are two or more hidden layers, the network is considered a deep neural
network, and in the case of the perceptron, it would be a multi-layer perceptron. Suppose the task
of the perceptron is to classify whether a material is combustible or not (Figure 9). Examples of
inputs could be chemical composition, local temperature, and local surrounding oxygen content.
The values of these inputs are passed into the hidden layer, a?, where the each input is multiplied
by some weight and passed through an activation function. These are then summed in the output
layer. In this example, the output layer would represent if the material would combust or not (a
probability between 0 and 1). Many other types of artificial neural networks such as convolutional
neural networks (CNNs) and recurrent neural networks exist, with the main differences being how
the layers are connected, the types of layers in each network, the data-type of the input data, the
data-type of the output data, and the task to be completed with each network. For the purpose of
this review, a high-level introduction to convolutional neural networks will be reviewed.

a) b) Input Layer Hidden Layer(s)

Input f \ Output Output Layer
"|: a :| =

\\\ ,/,

Figure 8. Schematic of: a) a neuron b) one hidden layer perceptron.
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Figure 9. Example case of a one-hidden layer perceptron.
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Convolutional neural networks are a common type of deep ANN that specializes in image
processing. It takes an input image and learns the various features and/or objects in the image to
differentiate the objects within the image. This is attributed to the convolution and pooling layers
that allow the CNN to learn the features in the input images. The convolutional layer uses
customizable filters to learn different features while scanning the input image. The resulting
learned feature is dimensionally reduced in the pooling layer to reduce computational cost while
keeping the dominant aspects of the learned features. Examples of features could be specific
shapes or curves unique to the object in the image. These features are finally passed into a
classification network to determine the objects in the image. Figure 10 presents the CNN
architecture. For further reading and details on CNNs, refer to Krizhevsky et al. (2017).
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Figure 10. Convolutional neural network architecture. [towardsdatascience.com]



® ® ® NRC.CANADA.CA

3 Literature Review

Machine learning has seen explosive advancements and uses in various fields such as image
detection, speech recognition, and personalized profile recommendations. More recently, ML has
also been applied in STEM with excellent results (Butler et al., 2018; Liakos et al., 2018; Carleo
et al.,2019; Wei et al., 2019; Brunton et al., 2020; Meuwly, 2021). In particular, ML has been
seeing successful application in the field of fire safety and fire science (Cao et al., 2019; Wu
et al., 2020; Park et al., 2019; Hodges, 2018; Hodges et al. 2019a; Hodges et al. 2019b; Lattimer
et al. 2020). The previous review (Duong and Gomaa, 2021) examined literature pertaining to ML
used in fire dynamics and fire detection. In particular, it was shown that ML can be used to provide
quick and accurate predictions of fire behaviour in compartments fires and predictions of the
behaviour of fire properties such as the spread rate and heat release rate. On the detection side,
it has been found that ML could be used not only to determine if afire is present but also determine
the general location of the fire. Naturally, its extension to wildfire science is expected, with several
different machine learning-based methods having been tested. For a recent thorough review on
the application of machine learning in wildfire science, please refer to Jain et al. (2020). In this
literature review, the authors are interested in the wildfire literature pertaining to machine learning
applied to fire susceptibility, risk and ignition, fuel characterization and mapping, and experimental
work on ember induced ignition.

3.1 Machine Learning in Fire Susceptibility Mapping

The general approach of fire susceptibility mapping was to build a spatial fire susceptibility/ignition
model using fire data composing of a combination of landscape, climate, structural, and
anthropogenic variables as explanatory variables. Fire susceptibility can be attributed to many
factors, including fuel type or land cover type, weather, climate change, landscape and for building
structures, the material composition. Many works used various methods such as decision trees
(DTs), random forests (RFs), artificial neural networks (ANNs), support vector machines (SVMs)
and linear/logistic regression (LR) to map fire susceptibility in particular local regions. Amatuli and
Camia (2007) compared decision trees against multi-variate adaptive regression splines
(Friedman, 1991), a type of non-linear regression, for predicting fire occurrence in a local area of
Italy. Input variables included the type of wild land cover, altitude, slope, latitude, longitude, and
density and distances from primary and secondary roads, among others, while the output variable
was the fire occurrence density. The authors found that the DT model outperformed the multi-
variate adaptive regression spline model, with the latter model under-predicting the fire
occurrence, even sometimes predicting a negative value for the fire occurrence. However, it is
noted by the authors that compared to the decision tree model, the multi-variate adaptive
regression spline model had a smoother transition between regions. In similar work for the
northern Iranian region of Golestan, Adab (2017) investigated the influence of environmental and
anthropogenic factors on land fire hazard, as well as compared ANNs with binary logistic
regression on the prediction of land fire hazard. Input variable included land cover type, annual
mean temperature, total solar radiation (insolation), elevation, slope, distance from roads and
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settlements, normalized difference moisture index and topographic wetness index, with the output
variable being fire occurrence location. The author found that the ANN model outperformed the
binary logistic regression model, with the ANN model correctly locating fire spots 87% of the time,
compared to the 81% accuracy of the binary logistic regression model. Additionally, the ANN
model showed that anthropogenic variables described the variability of land fire frequency and
that the annual precipitation, the annual mean temperature, the topographic wetness index, the
type of land cover and the slope were significant variables in the prediction of land fire hazard.
Guo et al. (2016a, 2016b) explored environmental and anthropogenic factors on forest fire
occurrence in the Chinese boreal forests and forests of the Fujian province, comparing RFs to
logistic regression. Similar input variables as previously mentioned works were used, and maps
of likelihood of fire occurrence were produced as the output. It was found that RFs outperformed
the logistic regression models, with accuracies in the mid-80%’s for the RF models compared to
the mid-70%’s for the logistic regression models. Additionally, authors compared the effects of
local factors, such as infrastructure, vegetation, topographic and socioeconomic factors to the
effects of climate factors, such as seasonal temperature, precipitation and relative humidity;
climate factors were the main driving factors of fire occurrence. In another work for the Spain
region, Rodrigues and de la Riva (2014) explored the use of RFs and SVMs against logistic
regression to predict wildfire ignition probabilities. Input features include various socio-economic
factors (i.e., forestry area in public utilities, WUI areas), traditional economic activities in rural
areas (i.e., wildland-agricultural interface), variables that can cause a fire by accident or by
negligence (i.e., power lines, railways) and factors that would hamper fires (i.e., protected areas).
With these wildfire ignition probabilities from different areas of Spain, a wildfire ignition probability
map of Spain was produced from the models. Overall, authors found that the RF model performed
the best, followed by the SVM model, then the logistic regression model. Interestingly, the authors
found that the dominant factors in predicting fire occurrence was the density of agricultural
machinery, negligence and accidents due to engines, machines working in or close to forest
areas, the use of fire to clean up harvest wastes and crop boundaries, and the increase in human
presence and pressure near wildlands in Spain, highlighting the importance of forest protection
due to anthropogenic factors. In another work by Hong et al. (2018) applied a genetic algorithm
to determine the most relevant features in predicting forest fire-related variables in Dayu County,
Southeast China. A total set of thirteen variables were used, namely: land elevation, land slope
angle, land aspect, land curvature, land use, soil cover, heat load index, normalized difference
vegetation index, mean annual temperature, mean annual wind speed, mean annual rainfall,
distance to the nearest river network and distance to the nearest road network. The important
variables were found to be land elevation, land slope angle, land curvature, soil cover, normalized
difference vegetation index, mean annual temperature, mean annual wind speed, and distance
to the nearest road network. After prediction of the important variables, comparison of the
performances of an SVM against an RF was conducted with the curated dataset. It was found
that RF outperformed the SVM significantly. Another study along the same theme was performed
by Jaafari and Pourghasemi (2019). Authors used an RF to determine the most important and
relevant factors in wildfire occurrence from a set of factors. Afterwards, an SVM was used on the
curated data to predict the wildfire probability in their study area of Central-West Iran. Similar to
the Rodrigues and de la Riva (2014) study, anthropogenic factors were found the significantly
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impact the occurrence of wildfire. However, unlike the Hong et al. (2018) study, annual rainfall
was found to be an important factor in the prediction of wildfire prediction. Similar works explored
other regions such as other regions of Iran (Goldarag et al., 2016; Ghorbanzedeh et al., 2019a,
2019b), Spain (Bisquert et al., 2012), Italy (Amatulli et al., 2006), Catalonia (Duane et al., 2015),
Serbia (Gigovic et al., 2019), Portugal (De Vasoncelos et al., 2001), China (Cao et al., 2017),
India (Sachdeva et al., 2018), Viethnam (Thach et al., 2018; Tehrany et al., 2019) and parts of
Mediterranean Europe (Oliveira et al., 2012) using similar machine learning methodologies. In
general, it was found that DTs, RFs and ANNs tended to outperform linear and logistic regression.
This is attributed to the assumption of spatial stationarity in the relationship among the response
variable and the predictors by linear regression techniques (Amatuli and Camia, 2007). Often
there are non-linear and complex relationships between the factors that contribute to the
occurrence of fire. Additionally, linear regression techniques generally do not allow or only allow
very careful use of discrete variables, unlike in DTs, RFs and ANNs (Amatuli and Camia, 2007;
Guo et al., 2016a, 2016b; Goldarag et al., 2016). Techniques such as binary logistic regression
are also sensitive to sample distribution, i.e. the regression curve will incline towards the class
with more abundant data (Goldarag et al., 2016). Machine learning methods such as ANNs are
less sensitive to distribution skewness (Goldarag et al., 2016). Logistic and linear regression
models are also sensitive to outliers and noise in the data, in comparison to other machine
learning models such as DTs and RFs (Guo et al., 2016a, 2016b). Several other authors
compared and/or used other ML methods, such as max entropy such as in Vilar et al. (2016),
Bayesian networks such as in Bashari et al. (2016), and neuro-fuzzy systems such as in Jaafari
et al. (2019) and Bui et al. (2017). Again, it was found that these other ML models tended to
outperform linear and logistic regression. Many of the listed works also compared performances
of these methods to one another such as in Cao et al. (2017), Ghorbanzedeh et al. (2019a),
Gigovic et al. (2019), Jaafari et al. (2018), Thach et al. (2018), Bui et al. (2017), Pourtaghi et al.
(2016), Rodrigues and de la Riva (2014), Tehrany et al. (2019). The performance comparison
results were mixed, as some authors found that SVM performed the best, while others found that
RFs or ANNs performed best. While interesting, this introduces the possibility of a meta-analysis
on the data and/or features used to train the networks, at least to perhaps explain the large
differences in the performances of the various models. Nevertheless, these works showcase the
capabilities of machine learning in the use of wildfire occurrence/risk prediction.

Many of the previously mentioned works analysis involved some time-averaged features. This
approximation risks losing time-dependent factors that may contribute to fire occurrence/risk.
Hence time-dependent factors, such as seasonality (Martin et al., 2019; Vacchiano et al., 2018),
year-by-year (Parisien et al., 2014) and month of year (Peters et al., 2013; Peters and lverson,
2017) were examined. Martin et al. (2019) specifically examined working days and non-working
days throughout the four seasons in Spain. This produced eight different data scenarios that used
to train their max entropy model. The input features to their model were the same as those in
Rodrigues and de la Riva (2014). Their model outperformed time-averaged models (Rodrigues
and de la Riva, 2014), for all seasons. In particular, the summer models significantly outperformed
the time-averaged model. Authors also examined the input variable contribution for each of the
eight scenarios, showing that the significant variables changed, depending on the time of year
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and type of day (working or non-working). Parisien et al. (2014) produced year-by-year
generalized linear models and compared them to a longer-time-averaged generalized model (31
years) for the Canadian boreal forest. It was found that the annual models slightly outperformed
the multi-decade model. Peters et al. (2013) explored temporal factors on the monthly resolution
scale using max entropy and achieving similar findings; that is, the finer temporal resolution
(monthly) model outperformed the longer time-averaged (annual) model and that which of the
significant input features of the model are temporally dependent. These works highlight the
importance of accounting for time-dependent features to produce an accurate prediction model.

Recently the application of deep learning models, such as convolutional neural networks and
recurrent neural networks, have been applied to wildfire science. One of the earliest studies
applying a convolutional neural network to fire susceptibility mapping, by Zhang et al. (2019),
compared convolutional neural network performance to previously benchmark methods, including
RFs, SVMs, multi-layer perceptrons, and kernel logistic regression. Input features in the study
included land elevation, land slope, land aspect, average temperature, average precipitation,
surface roughness, average wind speed, maximum temperature, specific humidity, precipitation
rate, forest coverage ratio, normalized difference vegetation index, distance to roads and distance
to rivers. Their convolutional neural network model had an overall validation accuracy of 87.92%,
compared to the accuracies of 84.36%, 80.04%, 78.47%, and 81.23% accuracies of the RF
model, SVM model, multi-layer perceptron model, and kernel logistic regression model,
respectively. In a follow up study, Zhang et al. (2021) used a convolutional neural network to
create a global seasonal wildfire susceptibility map and comparing its performance to a multi-
layer perceptron, with their convolutional neural network model outperforming the multi-layer
perceptron. Authors split the data into four groups, each group containing three consecutive
months starting with March, April, and May. The feature variables in the study were the average
temperature, wind speed, specific humidity, accumulated precipitation, soil moisture, soil
temperature, monthly maximum temperature, monthly minimum temperature, standard
precipitation index, leaf area index, and normalized difference vegetation index. For the first group
of data (March, April, and May), their convolutional neural network resulted in an overall accuracy
of 91.08% compared to the 87.74% of the multi-layer perceptron. Their model has an accuracy of
89.61%, 93.18%, and 94.88% compared to the multi-layer perceptron’s accuracy of 88.7%,
90.27%, and 93.50% for the second, third and fourth groups of data, respectively. Zhang et al.
(2022) further developed a spatio-temporal model, a convolutional neural network combined with
a long-short-term-memory network to predict future wildfire burned area. Similar to their previous
work (Zhang et al., 2021), they split the data into monthly data to be fed into the model
sequentially, with similar input features. It was found that their combined model outperformed the
convolutional neural network model. It is noted by the authors that previously, traditional models
were often used due to limited data; however, with the recent growth and diversity of satellite-
based data, the use of deep learning is becoming very possible (Zhang et al., 2022).
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3.2 Machine Learning in Fuel Characterization/Land Cover
Mapping

Machine learning-based approaches in fuel characterization/land cover has been examined in
two different approaches; prediction of fuel quantities such as the crown biomass of single trees
through height and diameter and prediction of fuel quantities/types over a landscape. For
example, in Riano et al. (2005), an ANN was used to predict and map the water thickness and
dry matter content of wet and dry leaf samples using reflectance and transmittance values. Other
studies identified important fuel variables such as the canopy cover, height, base height, bulk
density and other biophysical variables to produce fuel mas using RFs (Pierce et al., 2012; Riley
et al., 2014). Garcia et al. (2011) used an SVM to classify LIDAR and multispectral data, mapping
fuel types in Spain. The authors classified the fuel types into seven groups, mainly separating
tree and shrub ratios and sizes. Their model produced an overall accuracy of 88.24%. Chirici
et al. (2013) compared the use of DTs, RFs and stochastic gradient boosting for mapping forest
fuel types in Italy. The authors classified the fuel types in nine groups, mainly based on fuel bed
structure, splitting grasslands from shrublands from ground litter. The gradient boosted trees were
shown to outperform both the DT and RF models significantly, with an overall accuracy of 84%
compared to the accuracies of 47% and 45% of the other two models. Lépez-Serrano et al. (2016)
compared the performances of SVM, KNN, RF and linear regression in estimating aboveground
biomass in Mexico. Similar to many previous studies, the authors found that the SVM, KNN and
RF outperformed the traditional regression methods. With the growth, abundance and variety of
mapping data, such as LiDAR, Landsat, multi-spectral and UAV image mapping data, deep
learning has seen recent success in the classification of fuel types/land cover types. For example,
Wang et al. (2018) used LiDAR data and compared the performances of convolutional neural
networks against SVMs for classification of land classes. Authors had two datasets, the first with
seven land classes, the second with fifteen land classes. Overall it was found that convolutional
neural networks outperformed SVMs significantly. A similar study (Maltezos et al., 2019)
compared the performances of a convolutional neural network to ANNs and SVMs, with similar
results. Since then, several other studies have applied convolutional neural networks to fuel/land
type mapping data (Xu et al., 2018; Zorzi et al., 2019; Yu et al., 2020; Mayra et al., 2021;
Morchhale et al., 2016; Pan et al., 2020; Kwan et al., 2020; Carranza-Garcia et al., 2019; Arief
et al., 2018; Al-Najjar et al., 2019; Du and Du, 2019). Different deep learning models were also
developed and compared against previous benchmark convolutional neural network models, such
as a 3D convolutional neural network (Xu et al., 2018; Mayra et al., 2021), a hybrid capsule
network (Yu et al., 2020), and a stochastic atrous network (Arief et al., 2018). These works again
highlight the improvement upon previous models using deep learning, owing to the growth and
diversity of mapping data.
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3.3 Experimental Ember-Driven Ignition

Relevant literature to this project are bench-scale and intermediate-scale experiments with WUI
wildfires. In particular, ignition of fuel beds through hot embers and radiative flux are of interest.
Simple bench-scale experiments of ignition of fuel beds from hot embers are fundamental in
studying the effects of various factors in ember-driven ignition. Many experiments studied various
factors such as ember temperature, ember size, ember material, number of ember particles in
different fuel beds under varying conditions such as moisture content. Several studies examined
different metal ember particles, such as steel, aluminum, brass and copper with varying
temperatures and sizes (Fernandez-Pello et al. 2015; Urban et al., 2015; Urban et al., 2018; Zak
et al., 2014), while many others examined various firebrand ember particles (Hadden and Scott,
2011; Manzello et al., 2006; Manzello et al., 2008; Manzello et al., 2009; Guijarro et al., 2002; Sun
etal., 2018; Urban et al., 2019; Viegas et al., 2014; Viegas et al., 2021; Yang et al., 2022). Various
fuel beds were also examined, such as cellulose (Hadden and Scott, 2011; Fernandez-Pello
et al. 2015; Zak et al., 2014; Urban et al., 2015; Urban et al., 2018; Urban et al., 2019), sawdust
(Urban et al., 2019), grasses, barks and leaves (Viegas et al., 2014; Urban et al., 2018; Sun
et al., 2018; Manzello et al., 2005; Manzello et al., 2008; Guijarro et al., 2002; Yang et al., 2021)
and paper and straw (Viegas et al., 2021, Manzello et al., 2005; Manzello et al., 2008).
Additionally, some of these studies examined building materials such as plywood, OSB, cedar
shingles and several types of insulation (Manzello et al., 2005; Manzello et al., 2009; Wessies
et al., 2019). For metal particles, mapping models estimating the regions of no flaming ignition,
possible flaming ignition and flaming ignition and regions of no smouldering ignition, possible
smouldering ignition and smouldering ignition mapped by ember temperature and temperature
diameter have been determined. As one would expect, higher ember temperatures with larger
particles (higher ember particle thermal energy) resulted in higher likelihood of ignition. Another
important factor that was determined was the moisture content; higher moisture content reduced
that likelihood of ignition (Viegas et al., 2014; Yang et al., 2021). A few studies examined the
effect of the number of firebrands with very few tests (Manzello et al., 2005; Manzello et al., 2008;
Manzello et al., 2009). Overall it was found that the larger number of particles increased the
likelihood of ignition. These studies and more (Kasymov et al., 2016; Yang et al., 2021) also
examined the effects of cross-wind flow speed, firebrand size and fuel bed density. As expected,
increasing flow speed (without blowing the embers off the material), increasing the ember size
and decreasing the fuel bed density increased the likelihood of ignition as well as increasing the
likelihood of transition from smouldering ignition to flaming ignition. All of the previously mentioned
studies examined solely ember-driven WUI fires; however, WUI fires are driven by a multitude of
factors. A recent study documented the coupled effects of a hot metal particle with thermal
radiation (Fang et al., 2021). As expected, the coupled effects significantly increased ignition than
either of the factors alone. Intermediate scale experiments focused on WUI wildfires mainly
involved showering fuel beds and/or construction material with many ember particles (Suzuki
et al., 2015; Suzuki and Johnsson, 2016; Manzello et al., 2017; Suzuki and Manzello, 2020).
These studies documented the behaviour of the ignition, as well as identified key factors that
produced ignition. Some key factors included the accumulations of the firebrands, the fuel
moisture content and the wind speed. A recent study documented the coupled effects of firebrand
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showers with thermal radiation (Suzuki and Manzello, 2021). An interesting observation from the
study was that under slower wind speeds, thermal radiation played a larger role in ignition, while
at higher speed the firebrand shower played a larger role in ignition. For a comprehensive review
pre-2018, refer to Fernandez-Pello (2017). Very recently, machine learning approaches have
been applied to the prediction of ember/firebrand related properties. Jha et al. (2022) compared
a KNN model against several machine learning models, including logistic regression, Naive
Bayes, SVM, DT and RF, in the prediction of firebrand areal mass density and firebrand areal
number density. The input features included the firebrand travel distance, the type of structural
component, the construction material, the vegetation type and species, and the wind speed. The
authors found that the KNN model outperformed the other models significantly. It should be noted
that the dataset was produced in previous in-house studies (Hedayati et al., 2015; Zhou et al.,
2019; Hedayati et al., n.d.; Bahrani et al., n.d.), highlighting further the need and scarcity of
experimental data.In light of the available literature, only one study has examined the use of ML
in the prediction of ignition probabilities based on ember-driven ignition or ember properties. This
literature review serves as a foundation to explore this topic further. However, some gaps in the
literature are still present, which also serves as a guide to which additional experimental work can
be performed. The effects of the number of particles are examined, but with few data points.
Additionally, the studies examined limited cross-wind speeds. Finally, additional investigations on
the coupled effects of thermal radiation and ember are paramount to understanding real WUI
fires.

4 Conclusions, Recommendations and Future Work

Machine learning has recently seen applications in various fields with impressive results. With this
in mind, several ML-based studies in WUI fire safety have been performed. In particular, machine
learning has seen great success in fire susceptibility, risk and ignition, fuel characterization and
mapping. This literature review explores the work in these topics. Previous studies have shown
that machine learning significantly outperforms traditional method such as linear and logistic
regression. More recently, deep learning has been applied to these problems as well because of
the ever-growing amount of diverse mapping data. Deep learning methods such as deep
convolutional neural networks have also been shown to outperform previous benchmark methods,
including SVMs, ANNs, DTs and RFs.

This literature review also explored experimental works in ember-driven ignition, as a guide to the
data required to develop the ML-based tool. A majority of the experimental work addressed
ember-only ignition, with very little work coupling thermal radiation- and ember ignition. This
suggests that additional experimental work coupling these effects is a necessary endeavor. This
review also shows that the use of ML in the prediction of ignition probabilities/risk based on ember-
driven ignition is limited. With the available experimental ember-driven ignition/risk data from the
literature, machine learning methods, such as an artificial neural network or a support vector
machine can be used to create a data-driven model. However, some challenges need to be
addressed. The first challenge is the collection and concatenation of the available experimental
data in the literature. The next challenge is the curation of the dataset. Across the experimental
literature, different features of ember ignition are explored, with gaps between features and some
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features not reported in some works. This poses the challenge of filling in the gaps, either through
additional experimental work or through reduction of the features in the dataset. A thorough
exploration of the input features is necessary. Finally, once the dataset has been explored, the
creation of a framework for the machine learning is required.
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