Firebrands generated during WUI fires: a novel framework for 3D morphology characterization

Submission to: Fire Technology

Abstract
[bookmark: _Hlk147393549]The goal of the present work is to establish a framework for firebrand morphology characterization. Central to this framework is the development of a simple firebrand shape classification model using multi-dimensional particle shape descriptors. This classification model is built upon a series of synthetically generated 3D particles whose shapes and sizes are chosen to be representative of actual firebrands typically encountered during vegetative and structural fuel burns. Principal Component Analysis (PCA) is applied to the synthetic dataset and used to structure the classification model. The model is then verified using 3D digital representations of real-world particles (firebrands collected during tree burns and unburned bark pieces from oak trees). The classification model, which will allow meaningful comparisons of firebrand morphological features by shape class, is expected to be gradually refined as more datasets are made available throughout the Wildland-Urban Interface (WUI ) fire research community.
Keywords: Firebrand morphology, Firebrand shape and size, Wildland-Urban Interface (WUI) fire, Shape classification, 3D shape descriptors, Principal Component Analysis (PCA), Firebrand digital models.

1. Introduction
The significance of firebrand activity during wildland and wildland-urban interface (WUI) fires has been highlighted by many post-fire investigations [1-5] in which it is often found that structure losses are, for a large part, triggered by firebrands (either involving direct or indirect ignition events) rather than direct contact with the main fire front. Hence, better understanding the characteristics of the large amounts of firebrands produced during these fires, often in the form of “showers” or “rains” of burning particles, has become a point of paramount importance. Central to the firebrand shower problem is firebrand morphology. From airborne particle generation to recipient fuel ignition, firebrand shape is a key parameter in many analytical and experimental studies. It often constitutes a fundamental assumption around which generation and transport models are built. For instance, Barr and Ezekoye [6] modeled firebrand breakage from tree branches using a fractal approach with cylindrical fibers as base geometry. This geometry strongly influences the formulation of the thermo-mechanical model proposed by the authors. Studies devoted to firebrand transport (lofting, propagation) also heavily rely on firebrand shape assumptions (see for instance refs [7, 8]) which are essential to model proper airborne particle dynamics, via the computation of appropriate lift/drag forces. Most recent developments in firebrand transport also include modeling of the particle rotational motions [9-11], which involves computation of the particle moments of inertia, and hence requires a detailed understanding of the firebrand 3D shapes. The significance of firebrand shape has also been demonstrated in experimental works. Laboratory studies have found that firebrand thermal outputs largely depend on firebrand geometries, and that for a given shape, firebrand orientation with respect to the incident wind may be an influencing parameter [12, 13]. Ganteaume et al. [14] found that fuel bed ignition is strongly correlated with firebrand type (twigs, bark plates, bark and leaves), which encapsulates the effect of both firebrand shape and firebrand physicochemical properties. Yet to be studied, firebrand ground crawling motions (commonly observed during WUI fire events), subsequent formation of piles, and pile stability, are likely to be strongly influenced by particle morphology, as it is the case in many debris flow problems, see for instance [15-17].
To date, the morphology of firebrands generated during vegetative and structural fires has been documented almost exclusively via the measurement of particle projected areas, also referred to as cross-sections or cross-sectional areas. Typically, firebrands produced during fire experiments are water-quenched at ground level, dried, and arranged on a flat surface in their most mechanically stable position. A top-view photograph is usually taken, and firebrand projected areas are then extracted via computerized procedures provided that spatial resolution is known [18-30]. Alternatively (or simultaneously), some firebrand characteristic dimensions, e.g., diameter or thickness, are obtained via caliper measurements [21, 22, 31-33]. A second approach consists in measuring, using similar imaging techniques, the areas of holes left by the firebrands in substrates adequately chosen [34-37], and consider these measurements as true representations of the firebrand projected areas. The last approach, most recent, is geared towards airborne firebrands: 2D imaging devices (IR and/or visible cameras) are used to record in flight firebrands and their projected areas (with respect to the device image plane) are extracted at all relevant timesteps [20, 38-43]. As firebrands may tumble, these areas may considerably vary over time, hence some sort of filtering is usually applied to the time series (maximum, average, etc.). Because the 2D treatment of the firebrand sizing information is largely facilitated by well-established image processing tools, the approaches described above have been rather popular. It is important to acknowledge, however, that addressing firebrand morphology solely based on a projected area standpoint is insufficient to tackle many of the problems highlighted in the previous paragraph. Hence a framework for firebrand 3D morphology characterization is highly desirable. Such a framework is expected to: 1/ promote data acquisition of firebrand 3D morphological features in a complete and archival manner: to ensure usefulness of the data for a large variety of problems, datasets should allow queries on any morphological attributes of the firebrands, independently of the original scope of the study; 2/ facilitate firebrand shape and size comparison across experimental cases: the framework should provide a base methodology for meaningful dataset comparison, thus avoiding arbitrary or subjective choices to be made (e.g., criteria/threshold to be used to classify and compare firebrand data in term of shape, characteristic length, etc.). This should allow performing targeted statistical analyses within clearly defined firebrand shape categories (see ref. [44] for an example of such an analysis on cylindrical firebrands) in order to provide valuable inputs towards the computational modeling of firebrand flows.
The characterization of solid, non-reacting particle morphology is not a new problem: the works of Zingg [45], Krumbein [46] or Sneed and Folk [47] come to mind as early seminal contributions in the domain of pebble shape characterization. Because particle morphology, and more precisely particle shape, is essential to understand a broad range of phenomena including particle transport, deposition/sedimentation, packing, flowability, etc., particle shape characterization has been central to many scientific investigations in the fields of geology, sedimentology, and powder technology. Typically, some morphological attributes of the particles of interest are directly measured (either manually and/or via image analysis) and some indices, often referred to as descriptors, are calculated to quantify some attributes of the particle shapes (e.g., elongation, flatness, circularity). The reader is referred to the reviews by Pons et al. [48] and Blott and Pye [49] for an overview of the descriptors conventionally used (mostly 1D and 2D), as well as examples of shape classification diagrams that may result [49]. Recent works have leveraged advances in 3D visualization diagnostics (3D scanning [50-57] and X-ray computed tomography [52, 58-65]) to fully digitize particles in 3D, allowing more reliable shape characterization using complex 3D particle shape descriptors. This has led to powerful methodologies to classify particles with complex shapes and to compare particle population morphologies, see for instance the work of Parra-Denis et al. on intermetallic particles of aluminum alloys [58, 66]. It is believed that the firebrand morphology problem can greatly benefit from these approaches. The advent of low cost/high performance handheld 3D scanning devices renders the task of digitizing ground-collected firebrands not only feasible, but also time and cost-effective. Additionally, it has been shown that 3D models of airborne firebrands may also be generated via 3D imaging techniques [67], allowing shape analysis to be performed without physical collection of particle samples.
The goal of the present work is to propose a framework for firebrand morphology characterization. Central to this framework is the development of a simple firebrand shape classification model using multi-dimensional particle shape descriptors. The model is built upon series of synthetically generated 3D particles whose shapes and sizes are consistent with literature reports. Principal Component Analysis (PCA) is applied to the synthetic dataset and used to structure the classification model. The model is then verified using 3D digital representations of real-world particles (firebrands and unburned bark pieces from trees).

2. Development of the firebrand shape classification model
2.1 Expected 3D firebrand sizes and shapes – a literature survey
As alluded to before, studies that have reported on firebrand morphology are almost exclusively focused on the determination of firebrand projected areas, also referred to as cross-sectional areas. Actual shapes of firebrands are rarely addressed, nor used as a mean of categorization in quantitative approaches (to the exception of refs [31, 68]), although a few studies have provided pictures of collected firebrand samples, which offers a valuable glimpse at typical shape classes that may be expected. To ensure that the classification model is built upon realistic firebrand size and shape information, relevant firebrand investigations have been compiled in Table 1 for vegetative fuels and Table 2 for structural fuels. Most studies listed have provided some sort of mapping of the firebrand projected areas, which allows for an evaluation of their upper bounds. If available, other useful quantitative information regarding the firebrand morphology has been added in the Notes column. While the listings provided in Table 1 and Table 2 intend to be as broad as possible, the rather limited number of studies available and uniqueness of each approach (in terms of experimental conditions, firebrand collection and data processing methodologies, etc.) do not yield universal conclusions regarding firebrand generation, but still offer a reasonable basis to guide synthetic particle generation.
The following observations can be made considering both Table 1 and Table 2; for vegetative fuels, it can be assumed that almost all available firebrand projected area datasets fall below the 10 cm2 mark, with most of the data being contained below the 5 cm2 threshold. Aside from ref. [36], very large firebrands, considered as outliers, tend to fall within the 10 cm2 to 30 cm2 range (e.g., burning leaves in ref. [39]). Measured projected areas for structural fuels display higher variability, with almost all datasets contained below 25 cm2, and most data located below the 10 cm2 mark. Few very large outliers have been recorded in the 25 cm2 to130 cm2 range (likely due to dimensionally large components such as wood studs [27, 28], OSB [28] or roofing paper [29]), these outliers tend to be significantly larger than their vegetative counterparts. Note that the firebrand projected area limits as reported in Table 1 and Table 2 are voluntarily conservative to ensure the widest possible span of parameters for synthetic particle generation. These limits do not necessarily correspond to a fixed percentage of the total number of firebrands collected during each test.
Upon close examination of the sample images provided by some of the studies listed in Table 1 and Table 2 (see last column), it can be asserted that firebrand shapes may be classified into several categories. To facilitate the discussion that follows, we adopt the minimum bounding box (MBB) convention proposed by Blott and Pye [49] and consider that the three main dimensions of a particle, referred to as long (L), intermediate (I) and small (S), equates the corresponding side lengths of the smallest imaginary box which can contain the particle. Hence, the firebrand shape categories are identified as follows: 1) Rods, which gather thin and elongated particles (small S and I, large L). Mostly firebrands made of branches, twigs and needles collected during vegetative fuel burns (see examples in refs [19, 20, 31-33, 38, 68]) are expected to populate this class; 2) Flats, particles with the dimension S significantly smaller than both I and L. Available sample images suggest that this firebrand morphology is predominant for structural fuel burns [22-26, 29, 70]. For vegetative fuels, bark pieces (see examples in refs [19, 20, 31, 38]), and likely leaves if present, will also fall in this category; 3) Equants, particles whose three dimensions S, I and L are roughly equivalent. Firebrand sample images hint that they are present for both vegetative and structural fuel burns (mostly in the form of small woody particles). It is interesting to note that the simple classification highlighted above echoes that originally proposed by Zingg [45] for pebbles (and later re-assessed by others, see refs [46, 49, 56, 59, 62]). We follow Zingg’s approach and subdivide the Flats class identified above into two distinct classes: Blades (small S, large L and I, with L significantly larger than I) and Plates (small S, large L and I, with L  I). In the case of firebrands, such subdivision is justified as plated particles offer greater surface for contact as compared to bladed particles with identical S and L dimensions, and thus, may represent an enhanced ignition risk for a recipient fuel. Large plated firebrands have been previously documented in the context of roofing component combustion (e.g., shingles and sheathing, see images in refs [70, 72]). Lastly, it is important to recognize that some firebrands shown in the literature, that belong to the shape classes listed above, may be highly curved: this is the case for twigs and needles, e.g. [31, 33, 38], and very likely, barks [31]. As previously discussed by Vecchio et al. [59], non-convex particles may not be properly classified solely using bounding box sizing tools, as the S, I and L dimensions may not correspond to real features of the particles. Hence the use of more refined particle shape descriptors is required to achieve proper firebrand classification. This is further discussed in Section 2.3.

2.2 Sample particles[footnoteRef:1] [1:  Certain commercial equipment, instruments, or materials are identified in this paper in order to specify the experimental procedure adequately. Such identification is not intended to imply recommendation or endorsement by the National Institute of Standards and Technology, nor is it intended to imply that the materials or equipment identified are necessarily the best available for the purpose.] 

To ensure the widest range of applicability, the firebrand shape classification model needs to be built upon the largest possible number of firebrand shape datasets. Unfortunately, as outlined above, only a limited number of investigations is available, and none provide 3D information necessary to implement advanced classification methods. Generating the missing data by performing field experiments is de facto excluded given the tremendous number of tests required, making such an approach both cost and time prohibitive. Thus, a different approach was sought. First, synthetic particles were generated based on firebrand characteristic shapes, projected area ranges and, when available, characteristic dimensions as identified in the previous section. The classification model, built upon the synthetic particle datasets, could then be applied to 3D models of real firebrands acquired via 3D scanning. The generation of both synthetic particles and firebrand digital models is detailed in the following sub-sections.


Generation of synthetic particles
[bookmark: _Hlk147400223]Synthetic particles were created by generating 3D point clouds within virtual boxes whose shapes conform to the shape categories identified in Section 2.1 (Equant, Rod, Blade, and Plate). Point cloud density was set to be a function of particle volume and varied between 64000 points/cm3 and 64 points/cm3 for the smallest ( 0.006 cm3) and largest ( 1367 cm3) box, respectively. Box dimensions Lp, Ip and Sp were randomized to ensure maximum aspect ratio coverage within each shape class. Class delineation followed a 2/3 threshold criterion for elongation (Ip / Lp) and 1/2 threshold criterion for flatness (Sp / Ip). The latter criterion differs from the one used in the original work of Zingg [45], but generally seems to offer better consistency with the shape class perception by a visual observer. Except for the Equant class, all classes were subdivided in two sub-groups, respectively containing convex (“straight”) and non-convex (“bent”) particles. Examples of particles populating each class are given in Fig. 1. For non-convex particles, Lp is governed by a set of two parameters, the angle  and the radius of curvature R, both being randomized. A summary of the dimensional characteristics of the synthetized particle sets is provided in Table 3. Table 3 also features ranges for the corresponding particle maximum projected areas, which vary between 0.08 cm2 and 130 cm2. A total number of 7000 synthetic particles (1000 per sub-group) was produced to support the development of the shape classification model. Once generated, point clouds were converted into triangulated surface meshes to facilitate particle voxelization. All particle mesh files were tagged with their a priori known shape class. The synthetic particle generation process described above is designed to focus on firebrand macro-morphology, hence the reproduction of meso- (firebrand cracks) and micro- (firebrand fine texture/rugosity) shape irregularities is factored out in this work.

Generation of firebrand 3D digital models using 3D-scanning
[bookmark: _Hlk147477311]Firebrand samples digitized in this work represent a small subset of a large firebrand population collected during a series of laboratory tests involving the combustion of small trees ( 1.85 m average height) in the absence of wind [73]. In those tests, tree species (Balsam, Douglas, and Fraser firs), tree size/initial mass and tree moisture content were varied. The particle subset selected here essentially contained branches, twigs, needles, and small branch/twig junctions, with shapes representative of the majority of the particles contained in the collected pools. As bark-derived firebrands are typically not produced under low fire intensity and no wind conditions, the firebrand sample population was complemented with (unburned) bark pieces detached from oak trees collected on the National Institute of Standards and Technology (NIST) Gaithersburg campus during the fall season. These pieces are believed to be representative of larger combusted bark samples collected in field studies (e.g., [31]). Some pieces with strong curvature were included in this set (see side views for batch 5 in Appendix A). Gathering both burned and unburned particle sets, a total number of 62 particles was 3D-digitized. Pictures of all particles, organized in batches, can be found in the Appendix A along with the corresponding 3D mesh sample images. It is important to note that this set includes a wide range of firebrand shapes, some departing from the generic shapes described in the previous section, for instance, with non-constant cross-section along length (e.g., B4-4, B5-13), non-constant curvature (e.g., B1-2, B3-12) and presence of ramification (e.g., B1-11, B4-1).
In this work, all particles were digitized using a handheld structured-light scanner (Space Spider, Artec 3D) with nominal 3D resolution and 3D point accuracy up to 0.1 mm and 0.05 mm, respectively. The scanner allows for the digitization of small objects at working distances ranging from  0.2 m to  0.3 m, with maximum linear field of view dimensions 0.18 m  0.14 m. Prior to scanning, particles were lightly pinned at the tip of a small fixture equipped with a fine needle (0.9 mm diam., inserted cross section < 0.2 mm2) and the fixture was placed at the center of an automated turntable (Artec Turntable, Artec 3D), see layout shown in Fig. 2a. Scans were performed by slowly moving the scanner in a single plane, the rotation of the firebrand being controlled by the turntable, itself automatically operated by the data acquisition software (Artec Suite 17, Artec 3D). The present setup allowed scanning operations in a single sequence, thus avoiding firebrand manipulation and software-based multi-scan alignments, found detrimental to the overall scanning fidelity (especially in the case of small size firebrands). Scanned frames were then processed within the data acquisition suite following a series of automated steps detailed in Fig. 3. Models obtained in the last step were then processed for firebrand fixture removal, the final output being in the form of watertight mesh (stereolithography format, STL), see example shown in Fig. 2b. For the 62 particles digitized in this work, the total number of faces per mesh and average mesh resolution varied from 6240 to  347500 and from 0.2 mm to  0.56 mm, respectively. It is estimated that the entire scanning process (from sample preparation to creation of a digital model STL file) did not exceed 5 min per particle. All computerized scanning procedures were performed on a 16-core platform (Intel(R) Core(TM) i7-12850HX CPU) with 64 GB RAM and equipped with a NVIDIA GeForce RTX 3080 Ti (16GB) GPU. All firebrand digital models (and associated measurements) are provided as supplemental material.
To verify that the approach detailed above provides reasonable accuracy, a set of reference targets was 3D scanned and some target characteristics extracted from the mesh models were compared to their known values (caliper measurements). These targets are shown in Fig. 4 and consist of: 1) a stainless steel 6 step calibration block (manufacturer thickness specifications 2.5 mm, 5 mm and 10 mm [+0.0 mm, -0.02 mm] for the first three steps and 15 mm, 20 mm and 25 mm ([+0.0 mm, -0.1 mm] for the last three steps); 2) a series of wooden particles including a large disc, two sticks with different diameters and two cuboids with different form factors. All objects were lightly coated in black using an ultra-matte charcoal color paint in order to match firebrand surface color appearance. Target dimension comparisons are provided in Table 4. For all wooden particles, dimensional errors were found to be low and contained within the -1.3 %, +0.5 % range. Errors for the calibration block were found to be noticeably higher, the maximum error nearing -6% for the smallest step (2.5 mm). While flat surfaces are known to constitute a challenge for the 3D scanning process, especially at the frame registration level, it is interesting to note that the dimension of the calibration block second step (5 mm) is comparable to the thickness of the wooden disk (6.1 mm) but bears an error approximately 5 times higher. This would tend to indicate that the difference is primarily due to the particle surface optical properties rather than geometry (i.e., difference in reflective properties of lightly coated wooden/metal surfaces).

Measurements: particle data format and particle voxelization
As outlined above, all particle 3D models were initially generated in the form of triangulated surface meshes (STL file). Measurements were performed on point cloud (mesh vertices) and voxelized solid representations of the particles, derived from the mesh files. An illustration of all particle formats is provided in Fig. 5. Particle mesh voxelization follows the work of Aitkenhead [74]. To ensure proper particle discretization while preserving computational tractability, voxel size Sv was initially set to 1/20th of the particle Minimum Bounding Box (MBB) smallest dimension S, and the total number of voxels Tv forming the 3D shape was evaluated. If (1106 voxels) < Tv < (300106 voxels), the code proceeded to the evaluation of the particle maximum local thickness by fitting the largest sphere possible within the particle 3D boundaries. If the diameter of the sphere Dins was found to be smaller than S, the voxel size was re-adjusted so that Sv = Dins/20. Measurements were then performed on the resulting solid, and all particle descriptors detailed in the next section were computed. For the synthetic particles described above, Tv varies from 1106 voxels to 60.5106 voxels with Sv in the range 1.2510-2 mm (particle with L  I  S = 12.5 mm  0.75 mm  0.25 mm) to 1.09 mm (particle with L  I  S = 117.25 mm  110.25 mm  105 mm).

2.3 Particle descriptors: choice and definition
A list of the particle descriptors considered in the present study is provided in Table 5. The list contains general descriptors/measures, which correspond to particle characteristics directly evaluated on the particle 3D models, as well as shape-oriented descriptors, built as a combination of some of the particle characteristics. Not all descriptors are used in the statistical analysis described in Section 2.4; however, the full list constitutes a comprehensive set of entries for a database focused on firebrand morphology that may be expanded in the future as needed. Unless otherwise mentioned, all descriptors were evaluated using the voxelized models of the particles. Additional details are provided below:
Minimum bounding box (MBB) dimensions (L, I, S), elongation (El), flatness (F) and equancy (Eq)
L, I and S particle dimensions were extracted following the minimum bounding box (MBB) concept described by Blott and Pye [49], as implemented by Korsawe [75] (volume minimization approach). As alluded earlier, those dimensions correspond to the edge lengths of the smallest imaginary box that can contain the particle. The particle mesh vertices extracted from the particle mesh files served as point cloud inputs for the calculations. Particle elongation El (formula: I/L), flatness F (formula: S/I), and equancy Eq (formula: S/L), were derived using the MBB dimensions, following already established conventions [49]. Note that for ideal particles (e.g., cylinders, discs), similar formulations have been used to define a firebrand aspect ratio as a mean for categorization in the context of aerodynamic studies, see for instance the work of Tohidi et al. [10]. 
Volume (V), surface area (SA), and sphericity (Sph)
The particle volume V was obtained by summing all elemental voxels forming the 3D shape. The particle surface area SA was computed following the method developed by Lehmann and Legland [76], which leverages the Crofton formula to measure perimeter/surface of discretized objects. Particle sphericity Sph (formula: ) was calculated using both V and SA as specified above.
Maximum projected area (MPA)
To ensure continuity with previous studies that essentially focused on the determination of firebrand cross-sectional areas, a maximum projected area MPA was computed for each particle. Each particle voxelized model was projected following the three orthogonal directions set by the particle MBB, and the largest projected area was retained. 
Convexity (Cx) and compacity (Cc)
The convexity Cx (formula: V/Vhull) and compacity Cc (formula: V/VMBB) were implemented to compare the particle volume V to the volume Vhull of its convex hull and to the volume VMBB of the associated MBB, respectively. Vhull was computed as the smallest convex polygon that can contain the 3D shape. VMBB was computed via the known MBB dimensions L, I and S. An illustration of both definitions is provided in Fig. 6.
Geodesic length (Lg) and geodesic elongation index (Eg)
As alluded in Section 2.1, non-convex particles may not be properly classified solely based on their MBB dimensions. An example where such a characterization would fail is given in Fig. 7a. Using the MBB dimensions and standard classification diagrams (e.g., Zingg [45]), the non-convex twig shown in Fig. 7a would be classified as a bladed particle (see MBB footprint in Fig. 7b). Clearly, descriptors able to unravel complex 3D morphological attributes need to be employed. To this end, we introduced the particle geodesic length Lg; Lg represents the length of the shortest path that can be drawn, within the 3D shape, between the known particle extremities (see illustration in Fig. 7c). For particles with intricate shapes, Lg is a more suitable metric for meaningful elongation characterization [48, 58, 59]. In the present work, the computation of the geodesic length is based on the developments made by Legland [77]. It is incorporated in the geodesic elongation index Eg (formula: L/Lg) that compares the particle MBB largest dimension L to the particle geodesic length Lg. 
Largest inscribed sphere diameter (Dins) and maximum local thickness index (T)
By the same token, the MBB dimension S may not be representative of the actual particle thickness (e.g., twisting the particle shown in Fig. 7a would result in a dimension S much larger than the particle actual thickness). We thus retained Dins, introduced earlier as the diameter of the particle largest inscribed sphere, as relevant descriptor to characterize the size of the particle core (see example shown in Fig. 7d). It is incorporated in the maximum local thickness index T (formula: Dins/S), which compares Dins to the particle MBB smallest dimension S.
Moments of Inertia (i)
Assuming uniform mass distribution (identical weight of all elemental voxels), the moments of inertia of a particle will depend on its shape/3D spatial arrangement [58]. Here, we followed the approach described by Parra-Denis in ref. [66] by first computing the particle principal moments of inertia Ii, which were then normalized so that , i = 1, 2, 3. Additional details regarding the calculations of the principal moments of inertia are provided in the Appendix B.

Because all particle models are processed in the discretized form, measurement errors are inevitable. These errors essentially depend on the voxel resolution, the particle shape and the particle measure considered. It is possible to gain a better understanding of the measurement errors involved via the use of ideal particles for which measures are known beforehand. To achieve this, a set of particles with common characteristic dimensions  = 25.4 mm and  = 5 mm was generated using Computer-Aided Design (CAD) tools, and measurements performed by the algorithms in place were compared to the known values. These particles include: a cube (side length:  ), a disk (diameter: , thickness:  ), a plate (side length: , thickness:  ), a round rod (length: , diameter:  ) and a sphere (diameter:  ). Given the particle voxelization procedure highlighted earlier, the measurement relative errors were in the range (‑0.4 to 0.0) % for the MBB dimensions L, I and S, (0.0 to 0.9) % for the volume V, (‑7.9 to 0.6) % for the surface area SA (consistent with observations reported in [76]), (‑4.7 to 14.1) % for the geodesic length Lg, and (‑1.5 to 0.0) % for the largest inscribed sphere diameter Dins.

2.4 Principal Component Analysis
Principal Component Analysis (PCA) is a statistical method that allows high-dimensional datasets to be visualized and studied in a lower dimensional space while preserving maximum data variability. Typically, the technique leverages a new set of coordinates that can be used to represent the data without sacrificing too much information. Each new coordinate, referred to as Principal Component (PC), is a linear combination of the problem original variables. PCs are identified by successively finding directions along which the dataset retains maximum variance. All PCs are defined orthogonal; hence they are uncorrelated. The reader is referred to the literature for both basic [78, 79] and advanced coverages [80, 81] of the topic. PCA is used in a wide variety of fields such as genetics, computer vision, or finance, to cite a few. 
PCA is often applied to unsupervised classification problems for which classes of elements forming a population are not known beforehand. Hence, it is usually followed by a classification step that involves some sort of grouping technique, the most popular being hierarchical or K-means clustering analyses [82]. In the present case, PCA is applied to the synthetic particle dataset, thus the class of each element is known a priori (class limits were set initially, see Section 2.2 and Table 3). PCA is essentially used to provide convenient graphical representation of the data to help visualize the degree of separation between the known groups [80], and ultimately, assess the need for additional discriminant rules. Provided that proper separation between groups is obtained, the synthetic particle PCA can be used to classify brand new elements by comparing their 3D location (in the PCA space) to the 3D arrangements of the known shape clusters.
In this work, the PCA analysis is performed on the synthetic particle dataset using MATLAB [83]. The PCA input variables are selected among the list of the particle descriptors detailed previously (see discussion in the next section regarding the selection process). Prior to the analysis, the data is centered and standardized. The singular value decomposition (SVD) algorithm is used. The focus is set on the first three principal components (which accounted for 93.4 % of the data variance) to allow for easy visualization of the data clusters in 3D space by preserving both maximum data variability and graphical legibility. In what follows, the firebrand digital model samples are projected in the PCA space of the synthetic particles. To do so, the digital model descriptors are centered and standardized according to the statistical characteristics of the synthetic particle population. Once projected in the PCA space, the classification is performed by identifying the shape class of the digital model’s three closest neighbors, and the digital model’s shape is labeled accordingly.

3. Results
Particle descriptors initially considered are highlighted in the Table 5 (see tick mark in the PCA column): these include the conventional elongation, flatness and equancy descriptors, the particle sphericity, convexity and compacity and the new indices based on the particle geodesic elongation and maximum local thickness. The particle normalized first two moments of inertia are included as well. Prior to applying the PCA to the synthetic dataset, a descriptor pairwise correlation analysis is performed to help reduce the number of input variables. The results are shown in Fig. 8 for which both point clouds and Pearson’s correlation coefficients are provided. The particle compacity Cc is found to be positively correlated with the particle convexity Cx (r = 0.97). Similarly, the particle normalized moments of inertia 1 and 2 show strong negative correlation with the particle equancy Eq (r = -0.96) and elongation El (r = -0.97), respectively. Hence, Cc , 1 and 2 are not further considered in the analysis[footnoteRef:2]. Interestingly, the geodesic elongation index Eg displays strong negative correlation with the particle elongation El (r = -0.89), likely a manifestation of the simple constant 2D curvature model adopted in this work (for a known particle shape and a fixed geodesic length Lg, L and I measures directly depend on particle curvature, and both measures form the basis for elongation index formulations). For the sake of computational simplicity, we remove Eg from the list of the PCA inputs in what follows, bearing in mind that the correlation might not hold for particle characterized by complex 3D curvature (hence, the inclusion of Eg needs to be reassessed should more intricate geometries/shapes be considered in the future). [2:  Cx is chosen over Cc due to its established use throughout the particle morphology literature, while Eq and El are selected over 1 and 2 for the sake of computational simplicity.] 

The PCA for the synthetic particle dataset is shown in Fig. 9 (input variables: El, F, Eq, Sph, Cx and T). An animated view of the plot is provided as supplemental material for enhanced legibility. The different particle shape clusters are found to occupy distinct sub-volumes in the 3D PCA space with minimal spatial overlap. Clusters for convex shape categories (E, PS, BS, RS) seem to fit together as a 3D dimensional surface while clusters for non-convex shapes (from top to bottom: PB, BB, RB) form adjacent clouds that extend away from the 3D surface (see “Convex” and “Non-convex” highlights in the insert of Fig. 9, respectively). These clouds typically display a higher degree of scatter as compared to their convex counterpart. As the principal component axes may correlate with the selected shape descriptors to various extent, the principal component coefficients can help better describe major trends in shape transitions along the PCA axes. The coefficients are provided in Table 6. PC1 is found to be primarily correlated with Eq and Sph, hence descending PC1 values will tend to indicate a departure from the equant class (higher PC1 values) towards other shape categories (lower PC1 values). PC2 displays strong positive correlation with Cx and T, and thus may be seen as a marker for particle change of convexity/curvature. PC3 is highly positively correlated with El, and negatively correlated with F, hence provides information on shape transition between plate (higher PC3 values) and rod (lower PC3 values) categories. Overall, the clear separation between the different shape groups warrants further use as classification tool following the approach detailed in the previous section.
The firebrand digital model dataset is projected into the synthetic particle 3D PCA space (see black crosses in Fig. 9) and the shape category of each firebrand is inferred from its three closest synthetic neighbors. To use the maximum available information and possibly remove any ambiguity, the PCA first 4 components are used in the distance computations. The results of the classification are shown in Fig. 10. The Rod categories (Bent/Straight) regroup the quasi-totality of the firebrands made of twigs and branches, including the more challenging ramified shapes (particles B1-11 and B4-1). Notable exceptions, not included in this category but visually displaying rod-like features, are firebrands B2-1, B3-15 and B4-5 classified as non-convex blades (see yellow highlight in Fig. 10). A closer look at the corresponding digital models reveals that the misclassification is due to complex morphological features that were not considered while generating the synthetic particle set. These features are highlighted in Fig. 11. Non-constant cross-section (protruding volumes due to broken ramifications, see firebrand B2-1, Fig. 11a) and pronounced 3D curvature (see firebrand B3-15, Fig. 11b) contribute to an increase of the MBB dimension S. As a result, S significantly departs from the firebrand core dimension Dins. This difference is believed to be a driving factor leading to blade identification given the rather simple firebrand synthetic geometries. Note here that convexity values extracted from the digital models and their closest synthetic neighbors are similar (Cx = 0.23 and 0.36 for B2-1 and B3-15 respectively, vs. Cx = 0.29 and 0.42 for their synthetic counterparts), hence suggesting that it cannot be used as a discriminant factor in these specific cases (for further details, see the descriptor set comparison provided in the Appendix C). Particle B4-5, not shown in Fig. 11, likely suffers from both effects mentioned above. The Blade (Bent) category is otherwise populated by the long bark pieces found in batch #5 as well as small blady particles (likely from delaminated burned branches, see particles B2-2 and B2-3). As expected, the Equant category gathers the small compact firebrands found across batches #2, #3 and #4. Although properly classified, firebrands B3-11 and B4-11 are situated slightly away from the convex particle surface highlighted in Fig. 9, a manifestation of lower firebrand convexity values (Cx = 0.74 and 0.76, respectively) as compared to the averaged Cx value for the equant synthetic set (0.95). Finally, the non-convex Plate (Bent) category is made of 2 subgroups with distinct morphologies: the platy bark pieces from batch #5 and the small twig/branch junctions from batch #1 and #3. While the former type can be easily confirmed as belonging to the non-convex (bent) plate category upon simple visual observation, the second type offers more challenges for direct visual verification as they depart from the ideal categories established, primarily due to their complex 3D non-convex nature. These particles do, however, share descriptors that are consistent with those extracted for small, curved plates, which differ from typical equant particle values (e.g., MBB dimension S markedly smaller than the two other ones, convexity and sphericity values away from 1.0, etc.). Hence, it is believed that these particles are best suited in the non-convex (bent) plate category (as compared to any other existing category). 
4. Discussion and additional considerations
Overall, Fig. 10 shows that the classification methodology proposed performs reasonably well despite the simplicity of the synthetic particle base geometries. Hence, the framework established offers an efficient way to better understand firebrand morphology, with the following advantages:
1/ The proposed approach solely relies on extraction of measurable features of the digitized particles which removes possible classification ambiguities (and potentially bias/subjectivity should the task be manually/visually performed) and hence, offers a robust framework for firebrand population morphology documentation and comparison. Additionally, the use of digital models permits evaluation of some particle characteristics that would be otherwise difficult (if not impossible) to physically measure (e.g., surface area, geodesic length, etc.) given the shape complexity and fragility of the firebrand specimen involved.
2/ Once the classification step has been completed, particle statistics can be retrieved by shape category. This is essential for reporting particle dimensions as the meaningful information may differ depending on the shape class considered (e.g., dimensions of a bent rod may be represented by its core diameter Dins and its geodesic length Lg, an equant by its averaged side length, etc.). As an illustration, distribution histograms for Dins, Lg, V and MPA are provided in Fig. 12 for the bent rod population identified in Fig. 10. This type of information is expected to be instrumental to support modeling efforts devoted to reacting firebrand flows, by for instance allowing probability density functions describing distributions of the particle characteristics to be built. Note that the list of meaningful particle characteristics considered in Fig. 12 is arbitrary, and it can be expanded for and/or tailored to a specific problem (e.g., including moments of inertia for firebrand aerodynamics-related problems, including a surface area offered for contact for ignition-related problems, etc.)
3/ The proposed approach can be performed in a time-efficient manner (see details in Section 2.2). While certainly not as rapid as the conventional firebrand projected area method, the amount of novel information acquired and the nature of the format in which it is delivered (STL files can be queried as needed and only require minimal storage space) largely outweigh the downsides of longer processing times. It also important to mention that novel 3D scanning technologies have emerged; these technologies now enable simultaneous 360 scanning of multiple objects without user intervention, possibly reaching a throughput of several hundred scanned specimen per day. This implies that batch scanning of firebrand sample populations may now be performed quickly without extensive firebrand manipulation. Using these technologies would considerably speed up the 3D scanning tasks outlined in this work, likely leaving most time-consuming operations to the firebrand generation and collection steps.
As discussed in the previous section, some limitations remain when real firebrand shapes significantly depart from the particle synthetic models, especially in the rod category where shape irregularities (non-constant cross-section) and complex 3D curvature effects may be present. While shape irregularities could be handled using additional processing steps (e.g., by applying erosion techniques to the 3D firebrand models to suppress bulges followed by shape classification of the resulting firebrand “cores”), 3D curvature effects may need to be incorporated in the generation of the synthetic particle models and the use of additional particle shape descriptors may need to be re-assessed accordingly (inclusion of the geodesic elongation index, development of a new descriptor quantification the extent of deviation from simple 2D curvature). Classification of ramified firebrands (B1-11, B4-1) in a separate shape category might also be desirable and remains to be investigated. 
From a methodological standpoint, it is important to remind that, given the significant amounts of firebrand generated during WUI fires and the wide disparity of sizes involved, digitizing all firebrands in a sample population may be precluded. In practice, it might be useful to define a size threshold below which firebrands will not be processed. There are different ways, however, as to how this threshold could be defined. Based on the 3D scanning procedure developed in this work, small firebrands with thicknesses below  1 mm were found rather challenging to scan (for instance, the thinnest firebrand considered in this study, firebrand B2-2, is  0.8 mm thick and required multiple trials for proper digitization). It might not be judicious to include firebrands that are too small in the present analysis, because: 1) for very small firebrands with almost negligible mass, shape is less of a governing parameter to understand particle aerodynamics, deposition behavior, etc.; 2) some of the smaller particles could be generated involuntarily during the collection, transport, and preparation of the firebrands (due to their relative fragility), and hence, introduce bias into the results. Should firebrands with thicknesses on the order of 1 mm be considered, it is recommended that their intermediate and largest dimensions span at least several millimeters (e.g., > 5 mm). From a purely practical standpoint, the threshold could be set by establishing a size cutoff considering a critical firebrand quantity that can be processed, ensuring that the entire analysis remains manageable (timewise/resource-wise). The downside of such an approach is that the threshold selected will be dependent on the nature of the experiment and the breadth of the data collected, which may not facilitate meaningful datasets comparisons across experiments. Finally, it might be desirable to select a size threshold relevant to the firebrand ignition problem. This would require a detailed understanding of ignition propensities of recipient fuels in the WUI versus firebrand size characteristics, which is still a topic of active research. Note that in this case, particle size may not be the only relevant parameter to consider: particle physicochemical properties, and especially particle mass, would also be of interest, hence there is value in “augmenting” the firebrand digital models with such data (i.e., building firebrand digital models akin to digital twins).
Moving forward, the approach developed in this work could be used to structure a firebrand classification model based on digital model datasets of real firebrand populations (rather than synthetic particle models) to ensure that the widest range of firebrand morphology complexity is accounted for. Firebrand shape classes could be defined using PCA and unsupervised clustering analysis performed on a large number of datasets, collected for a wide range of field conditions (including various fuels, both vegetative and structural, wind conditions, etc.). Because such an effort may require extensive resources (thorough sample field collection and digitization), the authors strongly encourage collaborative work among the fire research community to fulfill this challenging goal.
Lastly, while the research highlighted in this work is geared towards supporting post-fire analysis of collected firebrand sample populations, the proposed classification model could be used to study airborne firebrand showers. Recently developed tools have demonstrated a potential for airborne firebrand shape reconstruction using multi-view imaging systems and the Visual Hull concept [67]. In this regard, the impact of spatial resolution (intrinsically limited in the case of consumer-grade cameras as compared to 3D scanning devices) and reconstruction artifacts (stemming from the limited number of views) warrants further investigations to understand how the classification approach developed in this work can be efficiently applied in this particular context.
5. Conclusion
From airborne particle generation to ignition of a recipient fuel, particle morphology is central to many firebrand-related problems. While previous studies have focused on firebrand projected area as sole metric for morphology characterization, the framework developed here intends to provide methods to classify and compare firebrand population shapes and sizes in a thorough and systematic manner via the use of multi-dimensional shape descriptors applied to 3D firebrand models. To do so, a large set of synthetic particles (7000 in total) was generated to form the backbone of a simple shape classification model. These synthetic particles, designed to share common features and measures with actual firebrands (overall shape, curvature, projected areas and when available, characteristic dimensions), could be categorized in four generic classes: equant, rod, blade, and plate. All of them, equant class aside, contained both convex (“straight”) and non-convex (“bent”) elements, the latter being affected by constant 2D curvature. Following a descriptor pairwise correlation analysis, Principal Component Analysis (PCA) was applied to the synthetic particle dataset with the following six 3D shape descriptors as input parameters: elongation, flatness, equancy, sphericity, convexity, and maximum local thickness index (ratio of the particle maximum inscribed sphere diameter to the smallest dimension of the particle minimum bounding box). It was found that clear spatial delineation of the different shape clusters could be obtained in the PCA 3D space with the first three principal components as coordinates, hence permitting unambiguous shape identification based on 3D spatial location of a datapoint. A set of real firebrands (49 pieces in total) collected during tree burns (Balsam, Douglas firs), complemented with unburned bark pieces (Oak, 13 pieces), was 3D scanned and the resulting digital models were processed to extract the corresponding shape descriptors. The digital model population was then projected in the PCA space, and the model shape classes were inferred from the classes of the closest synthetic elements. Despite the shape complexity of the real firebrands (real shapes often depart from the ideal generic shapes for several reasons: e.g., because of non-constant cross section/bulges, non-constant curvature, ramifications, etc.), classification results were found to be very good overall. Noticeable misclassification occurred for few rod-like elements (3/37), and these were traced back to the influence of shape irregularities/bulges (along the direction of the particle minimum bounding box smallest dimension) and/or overall pronounced 3D curvature effects. Moving forward, the techniques implemented in this work will be used to structure a classification model based on real firebrand digital model populations and unsupervised shape clustering analyses. Application to airborne firebrand flow problems will also be considered.
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	1st Author/Year/Ref.
	Test Case
	Firebrand Projected Areas
	Notes
	Firebrand Picture?

	Zen 2021 [38]
	Prescribed fires / NJ Pine Barrens
	all < 4 cm2 (most < 1 cm2)
	Airborne (PA def.: maximum projected area)
	Yes

	Almeida 2021 [39]
	Lab. study (no wind) / Small trees: cork oak, English oak, blue gum, pine
	almost all < 10 cm2 (most < 5 cm2)
	Airborne (PA def.: average projected area); 
some large brands (leaves) with PA < 16 cm2
	No

	Hudson 2020 [18]
	Single tree, outdoor / Douglas-fir, grand fir, western juniper, ponderosa pine
	all < 1.10 cm2 (most < 0.5 cm2)
	GC (water trays); some work also performed with fire-resistant fabric
	No

	Filkov 2018 [40]
	Prescribed fires / NJ Pine Barrens
	Almost all < 5 cm2
	Airborne (PA def.: unknown); small firebrand detection issues reported as compared to ground collection measurements
	No

	Thomas 2017 [19]
	Prescribed fire / NJ Pine Barrens
	almost all < 5 cm2 (most < 2 cm2)
	GC (water cans)
	Yes

	Filkov 2017 [20]
	Prescribed fires / NJ Pine Barrens
	almost all < 5 cm2 (most < 2 cm2)
	GC (water pans – w & w/ plastic film); Airborne (PA def.: unknown); IR footage: most brands with
PA < 1 cm2, largest brand PA ~ 7 cm2
	Yes

	El Houssami 2016 [31]
	Prescribed fire / NJ Pine Barrens
	almost all < 5 cm2 (most < 2 cm2)
	GC (water pans – w & w/ plastic film ); barks/branches in the 1-6 mm thickness range
	Yes

	Kapcak 2015 [68]
	Prescribed fires / Canadian boreal forest, NT
	NA
	GC (water pans – some with a vertical screen), tarp, sheet with fire retardant; burn marks on sheets: majority < 0.10 cm2
	Yes

	Manzello 2014 [37]
	2007 Angora fire
	almost all < 4 cm2 (most < 0.5 cm2)
	Trampoline data; largest hole ~ 10.25 cm2
	No

	Almeida 2014 [41]
	Lab. study (no wind) / Barks and shrubs from Eucalyptus tree
	some > 10 cm2
	Airborne (PA def.: unknown); 
largest firebrand PA ~ 29 cm2
	No

	Rissel 2013 [36]
	2011 Bastrop complex fire
	almost all < 3 cm2 (most < 0.5 cm2)
	Trampoline data; largest hole ~ 176 cm2
	No

	Manzello 2009 [32]
	Single tree, indoor (no wind)
Korean pine
	almost all < 10 cm2 (most < 5 cm2) largest PA  15 cm2
(estimated from provided firebrand surface areas)
	GC (water pans); firebrand surface area: 
all < 50 cm2 (most < 15 cm2); 
firebrand max. length: 
< 300 mm / max. diameter < 15 mm
	Yes

	Gould 2008 [69]
	Prescribed fires / Southern Australia eucalypt forests
	NA
	GC (plastic sheets); large proportion of firebrands: small flakes (bark) typically 2 to 4 mm thick
	No

	Manzello 2007 [33]
	Single tree, indoor (no wind)
Douglas fir
	almost all < 8 cm2 (most < 3 cm2) largest PA  12 cm2
(estimated from provided firebrand surface areas)
	GC (water pans); firebrand surface area: 
all < 40 cm2 (most < 10 cm2); 
firebrand max. length: 
< 200 mm / max. diameter < 12 mm
	Yes


[bookmark: _Ref121485606]Table 1  Firebrand morphology / vegetative fuels (GC: Ground Collection, PA: Projected Area, def.: definition)


	1st Author/Year/Ref.
	Test Case
	Firebrand Projected Areas
	Notes
	Firebrand Picture?

	Suzuki 2021 [21]
	Cedar shingle/shakes roofing 
(with wind)
	almost all < 25 cm2 (most < 10 cm2)
	GC (water pans); firebrand max. thicknesses up to 2 cm, down to below 0.1 cm; largest firebrand with PA  130 cm2
	No

	Suzuki 2020 [22]
	Plywood roofing (with wind)
	all < 20 cm2 (most < 5 cm2)
	GC (water trays); 
firebrand max. thicknesses up to 1.3 cm
	Yes

	Hedayati 2019 [23]
	90 corner assemblies (with wind)
	mean < 5 cm2
	GC (water pans) – (add. cases in [71])
	Yes

	Manzello 2019 [24] 
	OSB roofing assemblies (with wind)
	most < 10 cm2
	GC (water pans); largest firebrand with 
PA ~ 40 cm2
	Yes

	Suzuki 2018 [25]
	Urban fire
	almost all < 13 cm2 (most < 5 cm2)
	Post-fire collection, various sites; largest firebrand with PA  130 cm2
	Yes

	Suzuki 2016 [26]
	Wall assemblies with cedar siding (with wind)
	almost all < 25 cm2 (most < 10 cm2)
	GC (water pans); 
largest firebrand with PA  110 cm2 (wood stud)
	Yes

	Suzuki 2014 [27]
	Full scale structure (with wind)
	almost all < 20 cm2 (most < 10 cm2)
	GC (water pans); largest firebrand  45 cm2
	No

	Suzuki 2013 [28]
	Wall/re-entrant corner assemblies 
(with wind)
	almost all < 25 cm2 (most < 10 cm2)
	GC (water pans); few large firebrands with 
PA > 100 cm2 (wood studs, OSB)
	No

	Suzuki 2012 [29]
	Full scale structure (outdoor)
	Almost all < 10 cm2
	GC (water pans); 
largest firebrand with PA  80 cm2 (roofing paper)
	Yes

	Yoshioka 2004 [30]
	Full scale structure (with wind)
	almost all < 4 cm2 (most < 2 cm2)
	GC (trays with and without water)
	Yes

	Waterman 1969 [70]
	Roof assemblies
	Some firebrands > 58 cm2
	Roof-level collection in water pool; firebrands sieved using 2.5 cm hexagonal mesh, 1.1 cm square mesh, and 0.3 cm mesh
	Yes

	Vodvarka 1969 [35]
	Full scale structures (outdoor)
	almost all < 14.5 cm2 (most < 3.6 cm2)
	GC (plastic sheets)
	No

	Vodvarka 1969 [34]
	Full scale structures (outdoor)
	almost all < 14.5 cm2 (most < 3.6 cm2)
	GC (plastic sheets); 
largest firebrand PA  97 cm2
	No


[bookmark: _Ref121485614]Table 2  Firebrand morphology / structural fuels (GC: Ground Collection, PA: Projected Area)


	Particle
	Generated particle box dimensions 
min-max (cm)
	Class limits
	Particle max. projected area min-max (cm2)

	Class
	Abbr
	
	
	

	I. Equant
	E
	Lp: 0.4-13.7;  Ip: 0.3-11.2;  Sp: 0.2-10.9
	Sp /Ip > 1/2
Ip /Lp > 2/3
	0.1-130

	II. Rod
	Straight
	RS
	Lp: 0.5-14.6;  Ip: 0.08-9; Sp: 0.05-8
	Sp /Ip > 1/2
Ip /Lp < 2/3
	0.08-126

	
	Bent
	RB
	 : 18.7-180;  R: 0.7-30
  Lp: 0.8-30;  Ip : 0.07-8.8;  Sp: 0.05-8
	
	0.11-129

	III. Blade
	Straight
	BS
	Lp: 0.5-14.6;  Ip: 0.1-9.2;  Sp: 0.05-3.7
	Sp /Ip < 1/2
Ip /Lp < 2/3
	0.1-130

	
	Bent
	BB
	 : 18-180;  R: 0.7-30
  Lp: 0.5-30;  Ip: 0.24-9.7;  Sp: 0.06-4.5
	
	0.13-128

	IV. Plate
	Straight
	PS
	Lp: 0.4-13.7;  Ip: 0.3-11.3;  Sp: 0.08-5
	Sp /Ip < 1/2
Ip /Lp > 2/3
	0.1-129

	
	Bent
	PB
	 : 18-180;  R: 0.3-30
  Lp: 0.4-16.1;  Ip: 0.3-13.7;  Sp: 0.05-5.2
	
	0.11-128


[bookmark: _Ref121486113]Table 3  Generation parameters for synthetic particles produced in the present study.

	Target
	Dimension
	Caliper Measurements - mm
	From Mesh File (3D scan) - mm
	Error (in %)

	1. Calibration block
	step 1 (2.5 mm)
step 2 (5.0 mm)
step 3 (10.0 mm)
step 4 (15.0 mm)
step 5 (20.0 mm)
step 6 (25.0 mm)
	2.53 ± 0.01
5.04 ± 0.01
10.04 ± 0.01
15.02 ± 0.01
20.02 ± 0.01
25.03 ± 0.01
	2.38 ± 0.06
4.80 ± 0.07
9.73 ± 0.09
14.67 ± 0.05
19.64 ± 0.06
24.62 ± 0.03
	-5.8
-4.8
-3.1
-2.3
-1.9
-1.6

	2. Disc
	Diameter
Thickness
	49.0 ± 0.27
6.13 ± 0.05
	49.15 ± 0.04
6.07 ± 0.16
	0.3
-1.0

	3. Large stick
	Length
Diameter
	50.93 ± 0.10
10.93 ± 0.06
	50.86 ± 0.40
10.99 ± 0.11
	-0.1
0.5

	4. Thin stick
	Length
Diameter
	50.42 ± 0.02
6.41 ± 0.08
	50.52 ± 0.17
6.38 ± 0.13
	0.2
-0.4

	5. Large cuboid
	Side 1
Side 2 
Thickness
	20.0 ± 0.02
19.81 ± 0.03
9.74 ± 0.04
	19.89 ± 0.12
19.74 ± 0.10
9.73 ± 0.11
	-0.5
-0.4
-0.1

	6. Small cuboid
	Height
Side 1 
Side 2
	13.0 ± 0.03
8.1 ± 0.04
7.79 ± 0.03
	12.94 ± 0.13
8.0 ± 0.11
7.74 ± 0.06
	-0.5
-1.3
-0.6


[bookmark: _Ref126333387]Table 4  Actual reference target dimensions (caliper measurements) versus 3D model dimensions. Target geometries are shown in Fig. 4.


	Parameter
	Symbol/Formula
	Range
	PCA
	Notes

	General Descriptors/Measures

	Particle MBB dimensions
	
	> 0
	X
	Dimensions of the smallest imaginary box that can contain the particle.

	Volume
	V
	> 0
	X
	Particle volume (sum of elemental voxels)

	Surface area
	SA
	> 0
	X
	Particle surface area

	Maximum projected area
	MPA
	> 0
	X
	Max. of particle projected areas (following the MBB edge directions) 

	Geodesic length
	
	> 0
	X
	Length of the shortest 3D path that can be drawn, within the 3D shape, between known particle extremities

	Largest inscribed sphere diameter
	
	> 0
	X
	Diameter of the largest sphere that can be contained within the particle 3D boundaries

	Moments of inertia
	1, 2, 3
	0:0.5
	
	Normalized particle moments of inertia
1 + 2 + 3 = 1 and 1 ≥ 2 ≥ 3

	Shape Descriptors

	Elongation
	
	0:1
	
	Characterizes the particle elongation using the MBB intermediate I and largest L dimensions 

	Flatness
	
	0:1
	
	Characterizes the particle flatness using the MBB smallest S and intermediate I dimensions

	Equancy
	
	0:1
	
	Characterizes the particle equancy using the MBB smallest S and largest L dimensions

	Sphericity
	
	0:1
	
	Characterizes particle sphericity by comparing the surface area of an imaginary sphere with volume V to the particle surface area SA

	Convexity
	
	0:1
	
	Characterizes the particle convexity by comparing the particle volume V to the volume  of the particle convex hull

	Compacity
	
	0:1
	
	Characterizes the particle compacity by comparing the particle volume V to the volume  of the MBB

	Geodesic elongation index
	
	0:1
	
	Characterizes the particle true elongation by comparing the particle geodesic length Lg to the MBB largest dimension L

	Maximum local thickness index
	
	0:1
	
	Characterizes the particle maximum local thickness by comparing the diameter Dins of the particle largest inscribed sphere to the MBB smallest dimension S


[bookmark: _Ref121486468]Table 5  Summary of the particle descriptors considered in the present work (MBB: minimum bounding box). The PCA column indicates which particle descriptors were selected in the initial pairwise correlation analysis (: selected, X: not selected). Descriptors kept in the final PCA are identified by the underlined tick marks (see related discussion in Section 3).


	
	PC1
	PC2
	PC3

	
	0.2990
	-0.0781
	0.8034

	
	0.3666
	-0.3868
	-0.5521

	
	0.5132
	-0.3267
	0.1430

	
	0.5562
	-0.0551
	-0.1094

	
	0.3838
	0.5318
	-0.0588

	
	0.2371
	0.6721
	-0.1173


[bookmark: _Ref148447420][bookmark: _Ref148447328]Table 6  Correlation matrix between the PCA axes and the shape descriptors (the table indicates the corresponding principal component coefficients).
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	[bookmark: _Ref121484619]Fig. 1  Example of synthetic firebrand representative of each shape class considered in this work. The virtual boxes used for particle generation are shown in blue with associated labels (Lp, Ip and Sp: box dimensions, R: radius of curvature and  : degree of curvature). The box dimensions/curvature parameters are randomly varied as part of the particle generation process.
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	[bookmark: _Ref121743234]Fig. 2  Firebrand 3D scanning: a) setup; b) example of output mesh model.
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	[bookmark: _Ref147419411]Fig. 3  Processing step flowchart for the 3D-scanned frames (*: color information is used as part of the global registration process in step 1, but is not further used in the analysis that follows).




	[image: ]

	[bookmark: _Ref121836237]Fig. 4  3D scanning reference targets: (1) 6-step thickness calibration block, (2) disc, (3) large stick, (4) thin stick, (5) large cuboid and (6) small cuboid. Characteristic dimensions are provided in Table 4.
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	[bookmark: _Ref121486361]Fig. 5  Particle formats: (a) stereolithography (STL) mesh; (b) point cloud; (c) voxelized solid (voxel resolution decreased for illustration purposes).
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	[bookmark: _Ref147932569]Fig. 6  Illustration of the particle compacity and convexity definitions: (a) picture of firebrand B1-11 (see Appendix A); (b) corresponding mesh file with surrounding Minimum Bounding Box for particle compacity (Cc) evaluation (note that the volume V is extracted using the particle voxelized model); (c) particle voxelized model with corresponding convex hull for particle convexity (Cx) evaluation (particle/hull projections following the three orthogonal directions set by the reference frame are shown to the right).
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	[bookmark: _Ref121487040]Fig. 7  Example of a firebrand (see B1-2 in Appendix A) for which traditional shape classification methods would fail: (a) firebrand picture; (b) firebrand 3D model (mesh representation) with surrounding Minimum Bounding Box and corresponding dimensions L, I and S; (c) voxelized model of the firebrand showing the computed particle geodesic length Lg (magenta line shows the particle inner path); (d) voxelized model of the firebrand showing the computed maximum inscribed sphere with diameter Dins.
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	[bookmark: _Ref130914986]Fig. 8  Particle descriptors pairwise correlation analysis (numbers indicate corresponding Pearson’s correlation coefficients). The yellow highlights indicate descriptor pairs with high correlation.
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	[bookmark: _Ref131602077]Fig. 9  Particle synthetic dataset plotted in the PCA space (input variables: El, F, Eq, Sph, Cx and T). Symbol color correspond to the different shape categories defined in Table 3: E - Equant (brown), RS - Rod Straight (green), RB - Rod Bent (dark blue), BS - Blade Straight (yellow), BB - Blade Bent (cyan), PS - Plate Straight (pink), PB - Plate Bent (red). Crosses (black) with identifiers: projected firebrand digital models. Upper right insert: top view of datapoint cloud with convex/non-convex particle cluster identification.
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	[bookmark: _Ref131772124]Fig. 10  Firebrand classification results (firebrand images not to scale). Yellow highlights indicate firebrands likely to be classified in a different category based on simple visual observation.
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	[bookmark: _Ref132289392]Fig. 11  Illustration of firebrand misclassification: (a) Firebrand B2-1  I. digital model with MBB; II. top view showing bulges contributing to S increase; III. corresponding closest synthetic neighbor with MBB. (b) Firebrand B3-15  I. digital model with bounding box showing 3D curvature; II. corresponding closest synthetic neighbor with MBB (models not to scale). See Appendix C for additional details.
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	[bookmark: _Ref132890157]Fig. 12  Characteristics of firebrands classified as bent rods (BR) in Fig. 10 (total number of particles: 32).




Appendix A: 3D-digitized particles
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	Figure A1  Firebrand samples – Batch #1 (Balsam Fir). Top: firebrand sample top view, Bottom: sample images of 3D digital models.
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	Figure A2  Firebrand samples – Batch #2 (Douglas Fir). Top: firebrand sample top view, Bottom: sample images of 3D digital models.
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	Figure A3  Firebrand samples – Batch #3 (Balsam Fir). Top: firebrand sample top view, Bottom: sample images of 3D digital models.
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	Figure A4  Firebrand samples – Batch #4 (Balsam Fir). Top: firebrand sample top view, Bottom: sample images of 3D digital models.
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	Figure A5  Firebrand samples – Batch #5 (Oak). Top: firebrand sample top view, Middle: firebrand sample side view (showing max. curvature), Bottom: sample images of 3D digital models.




Appendix B: Calculation of particle principal moments of inertia

For a voxelized particle, the matrix of inertia I can be expressed as:
	
	(B1)


With the products of inertia defined as:
	


	(B2)


and the moments of inertia defined as:
	


	(B3)


where , , and  are the particle voxel coordinates in a reference frame centered on the particle center of inertia, with axes orientation matching those of the reference frame adopted for particle voxelization; , the elemental mass, is taken here as unity, assuming uniform mass distribution throughout the particle.
In this work, the particle principal moments of inertia are extracted performing the following steps: 1) the particle center of inertia is computed; 2) the matrix of inertia I is computed using expressions B1, B2 and B3; 3) the principal moments of inertia ,  and  are found by diagonalizing the matrix of inertia I such as: 
	
	(B4)


with P an invertible matrix whose column vectors correspond to the particle principal axes of inertia.


Appendix C:  Particle descriptor comparison for selected misclassified and correctly classified firebrand digital models

	Case
	Particle 
	Number #
	El
	F
	Eq
	Sph
	Cx
	T

	(a) See Fig. 11 
	Real
	B2-1
	0.11
	0.62
	0.07
	0.37
	0.23
	0.48

	
	Synthetic
	1573
	0.16
	0.61
	0.10
	0.40
	0.29
	0.38

	(b) See Fig. 11
	Real
	B3-15
	0.10
	0.72
	0.07
	0.44
	0.36
	0.62

	
	Synthetic
	1524
	0.13
	0.69
	0.09
	0.45
	0.42
	0.55

	(c) See below
	Real
	B3-1
	0.09
	0.46
	0.04
	0.40
	0.35
	0.80

	(d) 
	Synthetic
	5812
	0.16
	0.41
	0.07
	0.45
	0.38
	0.78


Table C1  Descriptor comparison between the misclassified firebrands shown in Fig. 11 (B2-1, B3-15) and a selected, correctly classified firebrand in the Rod-Bent category (B3-1, see Figure C1 below). “Real” and “Synthetic” refer to the firebrand digital model and its closest synthetic neighbor in the PCA space, respectively.


	[image: ]

	Figure C1  Correctly classified firebrand B3-1: I. digital model with MBB; II. Corresponding closest synthetic neighbor with MBB (models not to scale). 
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Abstract


 


The


 


goal of the present work is to 


establish


 


a framework for firebrand morphology 


characterization. Central to this framework is the development of a simple firebrand shape 


classification model using multi


-


dimensional 


particle 


shape descriptors. Th


is


 


classification model


 


is built upon 


a 


series of sy


nthetically generated 3D particles whose shapes and sizes are 


chosen to 


be 


representative of actual firebrands typically encountered 


during


 


vegetative and structural fuel 


burns. Principal Component Analysis (PCA) is applied to the synthetic dataset and use


d to 


structure the classification model. 


The model


 


is 


then


 


verified using 3D digital 


representations


 


of 


real


-


world particles (firebrands collected during tree burns and unburned bark pieces from oak 


trees). The 


classification 


model, which will allow meanin


gful comparisons of firebrand 


morphological features by shape class, is expected to be gradually refined as more datasets are 


made available throughout the Wildland


-


Urban Interface (WUI ) fire research community.
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1. 


Introduction


 


The significance of firebrand activity during wildland and wildland


-


urban interface (WUI) 


fires has been highlighted by many post


-


fire investigations 


[1


-


5]


 


in which it is often found that 


structure losses are, for a large part, triggered by firebrands (eit


her involving direct or indirect 


ignition events) rather than direct contact with the main fire front. Hence, better understanding the 


characteristics of the large amounts of firebrands produced during these fires, often in the form of 


“showers” or “rains”


 


of burning particles, has become a point of paramount importance. Central 


to the firebrand shower problem is firebrand morphology. From airborne particle generation to 


recipient fuel ignition, firebrand shape is a key parameter in many analytical and expe


rimental 


studies. It often constitutes a fundamental assumption around which generation and transport 


models are built. For instance, Barr and Ezekoye 


[6]


 


modeled firebrand breakage from tree 


branches using a fractal approach with cylindrical fibers as bas


e geometry. This geometry strongly 


influences the formulation of the thermo


-


mechanical model proposed by the authors. Studies 
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