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Abstract: In wildland fire scenarios, firebrand transport allows for further propagation of the fire
away from the main fire front. A better understanding of the number of firebrands and various char-
acteristics of the firebrands would provide a more accurate assessment of the hazards associated with
a given firebrand shower or flow. In recent years, NIST has designed and developed the Emberome-
ter to characterize firebrand showers in the field. This device combines two imaging techniques, 3D
Particle Velocimetry and 3D Particle Shape reconstruction, to characterize the firebrand showers in
both time and space. By utilizing the NIST emberometer to monitor an airborne firebrand flow in an
outdoor experiment, individual firebrands can be tracked and characterized over the duration of the
test. In this work, we primarily focus on the methodology for determining the firebrands’ combus-
tion state: flaming or smoldering. Based on recorded video during testing, the differences between
flaming and smoldering firebrands are readily apparent to the viewer. However, to code an algorithm
for this task is nontrivial. The resulting program would be highly dependent on the features and deci-
sion thresholds the programmer deems important. Additionally, with these classification algorithms,
it can be difficult to determine if the optimal solution has been found. However, convolution neural
networks (CNNs), a type of machine learning tool, are widely used to classify images and do not
have the same issues with arbitrary programmer-specific choices and optimization. Appropriately
trained CNNs allow for the rapid classification of large image data sets, which greatly reduces the
time required for classification compared to human sorting. In this work, two different approaches
were utilized to determine the optimal CNN. First, a lightweight CNN (CNN A-D) was developed
from the ground up. Second, transfer learning was applied to a set of pretrained, previously struc-
tured CNNs (CNN E-I). The CNNs were evaluated on an unseen subset of the data for accuracy,
precision, recall, and f-measure. With the lightweight, newly developed CNNs, the optimal solu-
tion, based on a parametric study, had an accuracy of approximately 92 %. In general, the pretrained
CNNs had higher accuracies around 95 %. Considering the other metrics and balancing concerns
of overfitting and machine resource requirements, the optimal CNN was determined to be the case
with transfer learning applied to CNN F.
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1. Introduction

Firebrands, or combusting particles of vegetation or structural materials carried by the wind, help
propagate wildland and Wildland-Urban-Interface (WUI) fires through the generation of spot fires.
Over the past two decades, post-fire investigations have steadily identified firebrands as the pri-
mary cause of a significant number of structural losses at the WUI. In a case study of the Trails
community (Rancho Bernardo, CA) affected by the Witch and Guejito fires in 2007, Maranghides
and Mell identified that out of 274 residences, 74 were completely destroyed with an additional
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16 sustaining various degrees of damage [1]. They found that two-thirds of the destroyed homes
were ignited directly or indirectly by firebrands. Cohen and Stratton led post-burn investigations
of residential destruction following the 2007 Grass Valley Fire near Lake Arrowhead in the San
Bernardino Mountains [2]]. Out of 199 destroyed or damaged homes examined, only 6 were iden-
tified as possibly ignited (directly) by the wildfire front. Most home ignitions were attributed to
firebrands, either via direct assault onto structures or via generation of spot fires subsequently
spreading to homes. Similar qualitative findings were outlined by Graham et al. in their investi-
gation of the Fourmile Canyon fires that occurred in 2010 near Boulder, CO [3]]. They concluded
that 83 % of the home destroyed were due to direct firebrand ignition and/or surface fire spreading
to homes.

In spite of the known hazards firebrands pose to structures in the WUI, there are relatively few
studies on airborne firebrand flows [4+7]]. There is even less known about the thermal/combustion
characteristics of the firebrands in these flows. Understanding the proportion of flaming versus
smoldering firebrands is essential in order to determine how severe a firebrand exposure may be.
Although some information has been reported for the firebrand temperature [6-8], there is cur-
rently no approach performing systematic distinction of airborne firebrand combustion state. The
combustion state is fundamental for two reasons: 1) a flame anchored to a firebrand complicates
contour detection, thus compromising accurate sizing operations, and ii) flaming firebrands have
been shown to elicit ignition propensities in target fuels as compared to their smoldering counter-
parts [9].

This paper intends to help alleviate the current limitations in the literature related to firebrand
combustion state. To do so, it leverages data collected using a measurement system called the
Emberometer [[10]. This system was designed to characterize airborne firebrand flows and allows
for motion tracking of burning particles in full 3D space and time. The device was used to study
an artificially generated firebrand shower that produced mixed amounts of smoldering and flaming
particles. A sub-set of 3D-tracked firebrand images was used to develop a method to classify
firebrand combustion state in an airborne setting.

While the differences between flaming and smoldering firebrand images are often apparent to
the human eye, the task of coding an algorithm to classify them using traditional image processing
tools is non-trivial. Such an approach typically requires hand-crafted feature extraction, known to
be an arduous task [11]], on which the classification step would entirely depend. As both feature
extraction and classification decisions bear some arbitrariness due to programmer-specific choices
(e.g., important feature to be retained, decision threshold to be applied), it is usually difficult to
assess if the algorithm developed is well suited to/optimized for the problem to be tackled. To
circumvent those difficulties, we turn towards machine learning tools, and more specifically Con-
volutional Neural Networks (CNNs), which are widely utilized in the field of visual imagery that
routinely uses image and video data as inputs [12]. CNNs have been shown to be particularly well
suited for complex image classification problems, including in recent years, fire-related issues such
as fire detection [[13-15] and firebrand cluster detection in wildfires [16]. Additionally, adequately
trained CNNs may perform classification tasks extremely rapidly which represents significant time
savings as compared to human screening when very large datasets need to be processed (over
71,000 individual firebrand images in the current dataset). Here, we present the approach used
to develop/choose the CNNs of interest, including some details on network architectures, training
procedures, and selected performance metrics. To the authors’ knowledge, this is the first time
such an approach is leveraged to determine if individual airborne firebrands are in the flaming or
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