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Abstract

Understanding the dynamics of fire propagation is essential for improving predictive models and
developing effective fire management strategies. This study examines the variability in temporal
and directional rates of spread (ROS) under controlled environmental conditions and investigates the
influence of terrain slope using experimental fire videos. To enable precise, frame-by-frame tracking
of fire perimeters, we employed the Segment Anything Model (SAM) for semantic segmentation
and object tracking, allowing us to quantify fire spread. Our study highlight that ROS exhibited
substantial variability across and within videos that underscore the stochastic nature of fire behavior
and raise concerns about the limitations of deterministic fire spread models. Analysis of the slope
spread factor revealed discrepancies between model predictions and observed fire behavior. Estimated
slope parameters deviated from values reported in existing literature, suggesting that fire dynamics
are highly context-dependent and sensitive to local conditions. Our work highlights the need for
probabilistic modeling approaches that explicitly account for inherent uncertainty and emergent
dynamics in fire spread. Future research should focus on integrating directional drivers, refining slope-
response formulations, and incorporating stochastic processes such as spotting. These improvements
are essential for building more robust and generalizable fire behavior models capable of supporting
operational forecasting and management decisions.

Keywords: ate of spread; fire behaviour; segmentation; stochastic; mixed models

1. Introduction

Wildfires can lead to severe environmental, economic, and social consequences. The frequency
and severity of wildfires have increased globally in recent decades, owing to variables such as climate
change, land-use patterns, and extended dry seasons [1]. As wildfires become more frequent and
destructive, the demand for accurate and robust fire spread models has become increasingly urgent.

One of the central challenges in wildfire modelling is accurately predicting fire spread while
accounting for the uncertainties inherent in natural processes. In Canada, widely used fire modelling
systems such as the Canadian Forest Fire Behaviour Prediction (FBP) System [2] and the Prometheus
wildfire growth simulator [3] are grounded in deterministic frameworks. While operationally effective,
these models are built on a relatively narrow empirical foundation, drawing primarily from controlled
field experiments and selected case studies aligned with the Canadian Forest Fire Weather Index (FWI)
System [4]. As a result, they can fail to capture the stochastic nature of fire behavior and environmental
variability, leading to discrepancies between predicted and observed fire dynamics, particularly under
rapidly evolving or extreme conditions.

Satellite remote sensing offers a promising supplement to ground-based fire modelling. Instru-
ments such as Moderate Resolution Imaging Spectrometer (MODIS) and Visible Infrared Imaging
Radiometer Suite (VIIRS) provide near real-time fire detection [5], while higher-resolution platforms
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like Sentinel-2 enable detailed burn area mapping [6]. These tools are especially valuable for identify-
ing fires in remote and inaccessible regions. However, they face several limitations that restrict their
effectiveness for continuous fire behaviour monitoring. Most Earth observation satellites pass over
Canadian latitudes only once or twice per day, typically during late morning or early afternoon, often
missing the late-afternoon to evening period when fire activity tends to peak [7]. In addition, data
latency can range from several hours to days, and coarse spatial resolutions limit the ability of the
sensors to capture fine-scale fire dynamics. This limitation is particularly critical for fires occurring near
the wildland-urban interface, where small-scale variations in fire behaviour can have disproportionate
impacts on infrastructure, human safety, and evacuation decision-making[8].

Given these constraints, our study is motivated by the need for a more granular and temporally
responsive approach to understanding fire spread. We leverage experimental fire videos recorded
under controlled conditions to capture the real-time evolution of fire perimeters.While such burns
are necessarily small-scale and cannot fully replicate the complexity of wildland fires or satellite
observations, they provide a valuable proxy for assessing what types of fire behaviour may become
observable as remote sensing technologies continue to improve in resolution and revisit frequency. By
analyzing these controlled burns, we aim to characterize the variability in the ROS and highlight the
importance of incorporating stochasticity into fire modelling frameworks. In particular, we find that
characterizing rate of spread may be a challenge that will require disaggregation as tech improves.
Ultimately, our goal is to inform the development of probabilistic, data-driven models that better
reflect the dynamic and uncertain nature of fire behaviour.

The remainder of this paper is organized as follows. Section 2 reviews related work in fire
spread modelling, with a focus on deterministic frameworks and recent advancements and efforts
to incorporate uncertainty. Section 3 describes the experimental video datasets and outlines the data
collection process. Section 4 presents our methodology, which combines segmentation-based fire
perimeter tracking with statistical models for assessing ROS. Section 5 reports the results of our
analysis, demonstrating how our approach captures spread variability and reveals the limitations of
existing models. Finally, Section 6 concludes the paper and discusses future directions.

2. Related Work

Wildfire modelling covers a diverse range of approaches tailored to different objectives, data
availability, and computational capacities. Empirical models rely on statistical relationships derived
from historical fire behaviour and environmental conditions. Widely used systems like the Fire
Weather Index, [4] and Canadian Fire Behaviour Prediction [2] rely on empirical equations derived
from field and laboratory studies, predicting fire spread based on fuel types, weather conditions, and
topography. They provide practical predictions of fire spread and intensity, though their reliance
on historical patterns limits adaptability to novel conditions. There are also semi-empirical models,
such as BEHAVE Plus [9] and Prometheus [3], which combine statistical relationships with simplified
physical principles to improve balance between accuracy and computational efficiency, often serv-
ing operational fire management and wildfire risk assessment services. Another work has further
enhanced PROMETHEUS by introducing statistical smoothing and a residual-based bootstrap method,
improving both accuracy and enabling stochastic fire spread simulations [10]. Other studies have
addressed geometric instabilities in the evolving fire front, proposing outer hull and level set methods
to enhance numerical robustness [11].

Physical and deterministic models such as FIRETEC and the Wildland-Urban Interface Fire Dy-
namics Simulator (WFDS) simulate fire behaviour based on fundamental physical principles, offering
detailed representations of heat transfer, combustion, and fire-atmosphere interactions [12]. While
these models provide valuable insights into the physics of fire propagation, their high computational
cost severely limits their use in real-time applications. Furthermore, deterministic models often fail to
capture the inherent variability and stochastic nature of fire behaviour, which can lead to overconfident
predictions and reduced effectiveness in operational decision-making [13,14].
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To address these limitations, researchers have developed stochastic and probabilistic models
that explicitly account for uncertainty. Tools such as FlamMap [15], FSim [16], and Dionysus [17]
simulate potential fire scenarios using probabilistic methods, making them well-suited for wildfire risk
assessments. Dionysus, for example, extends the deterministic PROMETHEUS model by generating
probability contours around predicted fire fronts using statistical modelling of input uncertainties.
Other models introduce stochasticity directly into fire growth dynamics, capturing not only average
behaviour but also variability in spread, spotting, and event timing [18]. Beyond model development,
researchers have also proposed evaluation frameworks to assess whether stochastic simulators reflect
real-world variability. One such approach compares the simulated rate-of-spread variability with
that of observed experimental fires, offering a path toward more robust validation of fire spread
uncertainty[19].

Machine learning approaches, including neural networks and random forests, have been increas-
ingly applied to wildfire susceptibility mapping, real-time detection, and predictive modelling [20].
These models leverage large environmental and historical datasets, though their performance hinges
on data quality and coverage. Another class of models—cellular automata represents landscapes as
spatial grids with rule-based transitions among neighbouring cells [21,22]. While computationally
efficient and useful for spatial dynamics, they simplify many physical and environmental processes.
More recent advancement in fire modelling involves image-based segmentation, which supports fire
detection and behaviour analysis by isolating fire-affected regions in aerial and satellite imagery [23,24].
Classical methods such as thresholding, edge detection, and region-growing have long been used to
delineate fire perimeters from thermal or optical inputs [25]. More recently, deep learning, particularly
convolutional neural networks (CNNs), has enabled pixel-level classification through architectures like
Fully Convolutional Networks (FCNs) [26] and U-Net [27]. Newer models such as U-Net and YOLOv?7
have demonstrated strong performance in noisy, occluded environments, supporting real-time wildfire
monitoring [28-30]. Emerging tools such as the Segment Anything Model (SAM) [31] further reduce
the overhead of manual annotation, offering a general-purpose framework capable of identifying
fire-related regions with minimal supervision. Integrating segmentation techniques with existing
wildfire modelling frameworks enables more detailed and responsive representations of fire behaviour,
opening new directions for data-driven fire prediction and risk assessment.

Environmental factors such as temperature, moisture content, wind speed, and slope are key
determinants of wildfire behavior, directly influencing the rate of spread (ROS) and combustion dy-
namics [32]. Higher temperatures and lower moisture levels reduce ignition thresholds and accelerate
combustion, while fuel drying times affect the flammability of surface materials. Slope further ampli-
fies fire spread by preheating uphill fuels via radiation and convection, resulting in increased ROS
at the upslope front [33,34]. Despite these well-understood effects, the interactions among environ-
mental variables remain complex and context-dependent, contributing to substantial variability in fire
behaviour. This variability poses significant challenges for wildland fire management and modelling.
The stochastic nature of fire propagation, combined with limitations in data availability, ecological
knowledge, and metrics for evaluating assets at risk, introduces uncertainty into both operational
forecasting and long-term planning [35]. Moreover, dynamic disturbance regimes and climate change
further complicate predictive efforts. These uncertainties underscore the need for modelling frame-
works that can account not only for environmental drivers but also for the variability and randomness
inherent in fire behaviour.

Mixed-effects models provide a robust framework for addressing uncertainty in fire behaviour
by simultaneously incorporating fixed effects (e.g., temperature, slope) and random effects (e.g.,
variation across regions or experimental replicates). This structure enables researchers to isolate sys-
tematic environmental drivers while accounting for unexplained variability [36]. For instance, Finney
et.al[37] applied generalized mixed-effects regression to model fire containment probability, treating
containment as a fixed effect and individual fires as random effects. Another paper demonstrated
the effectiveness of mixed models for forest fire risk forecasting[38], as well as a separate study [39]
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showed that negative binomial mixed models can accommodate overdispersed wildfire occurrence
data. Experimental fire studies by [40] further highlight the value of mixed modelling in distinguishing
the effects of controlled variables from intrinsic stochastic behaviour. These models not only quantify
variability but also provide probabilistic intervals for predictions by estimating variance components
tied to fixed and random effects. This makes them well-suited for probabilistic fire growth modelling
and informed decision-making in fire management. When combined with precise segmentation tech-
niques, these models can further enhance their predictive capacity. Together, this integrated approach
offers a robust framework for capturing environmental drivers of fire behaviour and managing the
uncertainty inherent in wildfire dynamics.

3. Experimental Setup and Data Collection

The video data analyzed in this study was obtained from two distinct series of laboratory fire
experiments [41,42] originally designed to serve as a mouse model of smouldering fire behavior. The
experimental design systematically varied key environmental conditions that align with the three
principal input categories of generic fire behavior prediction models:weather, topography, and fuel.

The combustion experiments were conducted on chemically treated wax paper substrates. The
wax paper was immersed in a potassium nitrate solution and dried at temperatures between 50-70F
for 60-120 minutes. This substrate served as a proxy for a single fuel type with a fixed chemical com-
position but variable pre-burn moisture content. Slope was manipulated across varying inclinations,
simulating the effect of terrain on fire acceleration.

The potassium nitrate treatment served multiple purposes: it ensured uniform ignition, sup-
pressed rapid flaming, and promoted sustained smouldering combustion. These conditions enabled
mostly unobstructed observation of fire perimeter evolution throughout the burn sequence. The
surface of the wax paper also exhibited irregularity and structural variation, offering a physically
heterogeneous medium that replicates certain aspects of natural fuel beds.

Ignition was consistently initiated at the centre of the substrate using a directable ignitor within a
fire-safe fume hood. The combustion process was recorded using a fixed overhead camera, capturing a
top-down view of fire spread. Videos were recorded at a resolution of 320 x 240 pixels with a frame
rate of 15 frames per second, and a spatial scale of 1.2 mm per pixel.

3.1. Micro-Structural Heterogeneity in the Fuel Bed

Although the fuel was macroscopically uniform in material composition, it served as a standard-
ized analog of a natural fuel commonly used in fire behaviour models. Scanning Electron Microscopy
(SEM) conducted by the original experimenters revealed notable micro scale structural heterogeneity
in the treated wax paper and showed irregular distributions of pores, fibres, and surface textures[41].
Figure 1 illustrates this heterogeneity. This micro structural complexity is analogous to conditions
found in natural forest environments, where the fuel bed comprises a mosaic of litter, twigs, decompos-
ing organic matter, and soil particles, each with distinct combustion properties. Even within a single
classified fuel type (e.g., C-1 or O-1a used in FBP), significant sub-fuel-type variation can influence
ignition, heat transfer, and rate of spread.

The presence of structural heterogeneity in an otherwise uniform fuel type highlights a critical
limitation of conventional fire behaviour modelling. Most operational systems, including FBP, treat
fuel type as a categorical and internally homogeneous input, assuming that all instances of a fuel class
will behave similarly under the same weather and topographic conditions. Our study challenges this
assumption by investigating how stochastic fire behaviour can emerge even in controlled laboratory
burns.
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Figure 1. Scanning Electron Microscope (SEM) image of wax paper employed as a fuel bed analogue in smoulder-
ing forest fire simulation.

3.2. Data Generation

Using the experimental fire videos, we constructed two distinct datasets of fire spread distances.
The first dataset collected data from 10 videos. To standardize the data across videos, a consistent
frame selection method was applied based on each video’s ignition time (¢y), defined as the first frame
showing visible combustion. For each video, we identified the valid frame window in which fire
spread occurred without reaching the substrate edge. A shared analysis range was then computed by
taking the maximum lower bound and minimum upper bound of available frames across all videos,
resulting in a fixed interval of 388 frames (approximately 25 seconds). This window begins after
ignition and excludes the highly variable early flame dynamics. By aligning all videos to a stable phase
of fire development, the selected interval approximates the quasi-equilibrium state typically used to
report rate of spread in wildfire modeling systems such as the Canadian FBP System.

To isolate the effect of terrain inclination, the second dataset was created from slope variation
trials[42]. These included burns conducted on inclines ranging from 5° to 50° in 5° increments, with
all other environmental parameters held constant. This design ensured that any differences in rate
of spread could be attributed solely to changes in slope, eliminating confounding factors. The same
preprocessing steps were applied to these videos to extract spread distances over a matched time
window.

4. Methodology

The methodology of the current study is organized into three main components. First, we focus on
the segmentation of fire regions within experimental video frames using a vision transformer approach
to accurately delineate the burning area over time. Second, we compute the ROS by quantifying the
spatial progression of the fire perimeter across sequential frames. Third, we perform statistical analysis
to assess the fire spread behaviour using environmental factors, such as temperature, dry time, and
slope.

4.1. Segmentation of Fire Regions

To extract fire regions from smouldering fire videos, we developed a segmentation pipeline
structured into three stages: pre-processing, segmentation, and post-processing.

Pre-processing involved identifying the ignition frame, the first appearance of fire in each video,
and defining the ignition point coordinates. Assuming an approximately elliptical fire spread, this
centre of the fitted ellipse was used as a point-based prompt to consistently guide segmentation across
all frames.

Segmentation was carried out using the Segment Anything Model (SAM), a Vision Transformer-
based architecture (ViT-H) pretrained for general-purpose image segmentation. The prompt and
corresponding video frames were passed to the model, which returned the highest-confidence mask
for each frame. All computations were performed in a GPU-enabled environment using pre-trained
weights (sam_vit_h_4b8939.pth).

Lastly, to extract fire perimeter boundaries from grayscale SAM output, we applied a series
of post-processing steps. First, each frame was converted to a binary mask using a fixed threshold
(127), then to suppress high-frequency noise and preserve edge structures, a median filter [43] with
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a kernel size of 5 was applied to the binary images. The denoised binary masks were subsequently
processed using a binary dilation operation to reinforce the continuity of the fire regions and mitigate
fragmentation. Perimeter boundaries were delineated by performing a pixel-wise exclusive disjunction
(XOR) between the dilated and original binary masks, yielding a precise representation of the fire
front edges which were used as the basis for quantifying fire growth over time. Figure 2 illustrates the
segmentation pipeline.

Pre-processing Segmentation Post-Processing

Mask Decoder Binary Fire

Fire Frame Extraction =
Boundary

Video —
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Figure 2. Fire region segmentation pipeline using the Segment Anything Model (SAM). The process consists
of three main stages: Pre-processing including frame extraction, resizing, and ignition coordinate extraction;
Segmentation where SAM is applied to isolate fire regions in each frame; and Post-processing which involves
smoothing and edge extraction

4.2. Rate of Spread Calculation

The fire perimeter is conceptually divided into three regions: the head, flanks, and rear, each
reflecting distinct fire dynamics. The head of fire is the fastest-advancing section, typically aligned with
wind direction or slope, and is often the primary focus in fire behaviour prediction systems. The flanks,
positioned on the lateral edges, usually spread more slowly but can respond dynamically to shifting
wind or terrain. The rear, opposite the head, exhibits the slowest spread due to less favourable burning
conditions. Accordingly, ROS was initially calculated with respect to the head of the fire, representing
the maximum outward expansion from the ignition point over time. This head-based ROS definition
aligns with standard practice but, as discussed later, presents limitations under experimental conditions
and irregular fire shapes. Initially, to compute ROS during the interval [t;, t;], we first identified the
head of the fire, defined as the location of the most significant forward spread between two frames.
This was achieved using a max-min distance approach: for each pixel in the later frame (frame;),
we calculated the Euclidean distance to all fire pixels in the earlier frame (frame;) and recorded the
minimum distance to any pixel in frame;. The pixel in frame; with the maximum of these minimum
distances was designated as the fire head.

To ensure consistent directional distance calculations, the horizontal angle of the vector to the
identified head of the fire was used to rotate both frames, aligning the head with the positive x-axis.
This standardization is necessary because the rear and flank directions are defined relative to the head,
and a consistent frame of reference is required to compute directional spread meaningfully. After
rotation, a bounding box was fitted to the fire region in each frame, and spread distance along the
head, rear, and flanks was calculated based on changes in the bounding box margins. See Appendix A
for a pseudocode summary of this ROS calculation procedure.

However, we noticed that even during what appears to be an equilibrium phase of fire spread,
especially in small-scale controlled burns, the direction of the fire’s head can fluctuate within a
single event. This variability prevents standardized tracking of fire progression and complicates
head-based ROS and comparative modelling of ROS. Figure 3a shows an example of this behaviour.
This observation challenges the assumption of a stable head direction over time and highlights the
limitations of head-based ROS definitions. These inconsistencies underscore the need for more robust,
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direction-agnostic approaches to quantifying fire spread. To overcome the limitations, we implemented
a complementary strategy designed to enable robust analysis of fire spread throughout our experiment.

(a) (b)
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Figure 3. (a) Evolution of fire boundaries at three time steps, indicated by increasingly darker shades of red.
Arrows represent the progression of the fire head between consecutive frames. The observed variation in the
direction of the fire head results in two distinct regions of propagation, highlighting spatial variability in fire
spread. This directional change leads to shifting definitions of rear and flank zones across time, emphasizing that
rear and flank distances are not static but depend on the evolving orientation of the fire head. (b) Our proposed
ROS calculation based on bounding boxes around fire boundaries at each time step, providing a consistent,
orientation-independent framework for analyzing fire spread.

4.2.1. Our Revised ROS Calculation Approach

To quantify the directional ROS, we computed the displacement of the fire perimeter across
successive frames using the margins of the segmented fire region’s bounding box. Each frame was
analyzed to extract the minimum and maximum pixel coordinates of the active fire mask along both
the x-axis (horizontal) and y-axis (vertical) of the image plane. By measuring the change in these
bounding box edges between consecutive frames, we obtained estimates of directional fire progression.

Specifically, directional ROS was calculated independently along the four cardinal directions
of the image plane: upward and downward (along the y-axis) and leftward and rightward (along the
x-axis). These directions correspond to the top, bottom, left, and right margins of the bounding box,
respectively. Figure 3b illustrates our revised ROS approach. This coordinate-based formulation
enables the detection of anisotropic spread dynamics without relying on external spatial references
such as wind or slope direction. For each video, directional spread distances were computed at
1-second intervals over a fixed 25-second analysis (388 available frames) window by comparing the
bounding box margins of the segmented fire region across consecutive frames. This yielded 25 time-
stamped measurements per direction, per video, resulting in a structured dataset suitable for assessing
the fire spread dynamics across varying environmental conditions.

For the slope-focused experiments, we restricted the analysis to two directional ROS components
aligned with the slope: rightward (upslope) and leftward (downslope) along the x-axis of the image
plane. Specifically, we measured the time required for the fire front to traverse a fixed distance of 100
pixels along this axis. This targeted approach allowed us to isolate and assess the influence of terrain
inclination on fire spread rate and directionality. Some recordings, such as those at 35 degrees were
excluded from the dataset due to incomplete fire propagation. All spread distances were subsequently
normalized using the known frame rate and spatial resolution of the videos to compute the ROS in
units of meters per minute, consistent with the convention used in the fire prediction systems.
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4.3. Fire Spread Modelling Framework

This section presents two complementary models used to analyze fire spread dynamics in con-
trolled experimental conditions. The first model evaluates the extent to which standard environmental
variables; temperature, dry time, and soak time, explain variability in fire spread, using a linear
mixed-effects framework. Rather than aiming to estimate effect sizes alone, this model is used to
investigate the limits of these variables in accounting for fire behaviour and to assess the presence of
residual stochasticity.

The second model isolates the effect of slope by leveraging a semi-theoretical fire spread formu-
lation from the Canadian Forest Fire Behaviour Prediction System. Together, these models allow us
to examine the respective roles of environmental inputs and geometric factors, and to evaluate the
degree to which fire spread in simplified experiments can be predicted by measurable conditions.

4.3.1. Limitations of Environmental Variables in Explaining Fire Spread

To assess the explanatory power of standard environmental variables, we applied a linear mixed-
effects model to directional ROS measurements derived from 10 experimental videos recorded on
flat surfaces. The model evaluates how much of the observed variability in ROS can be attributed to
temperature, dry time, and soak time, while accounting for random variation across trials. The model
is specified as:

ROS;; = Bo + p1Temperature; + B,Dry time; + B3Soak time; + u; + ¢;; (1)

Here, ROS;; denotes the rate of spread at time point i in video j, calculated as the directional dis-
placement of the fire perimeter between frames i — 1 and i. Specifically, this displacement is measured
from the change in bounding box margins of the segmented fire region in the four cardinal directions
(up, down, left, right). The fixed effects B1, B2, and B3 represent the contributions of temperature, dry
time, and soak time, respectively. The random intercept u; ~ N (0, 02) captures unobserved variability
between videos, while ¢;; ~ N(0, 02) represents residual within-video variability.

This formulation allows us to partition the total variability in ROS into components attributable
to known environmental inputs, stochastic effects. Our central objective is not to maximize predictive
accuracy, but to understand the limits of explanatory power offered by measurable environmental
factors. In particular, we compare the estimated variance components (¢2 and ¢2) to evaluate whether
the bulk of variability in fire spread arises from uncontrolled or intrinsic sources that are not captured
by traditional environmental descriptors.

4.3.2. Empirical Evaluation of Slope Effects on Fire Spread

The second phase of the analysis investigated how terrain slope influences the rate of fire spread.
We adopted the slope adjustment formulation from the Canadian Forest Fire Behaviour Prediction
System, which expresses the rate of spread on sloped terrain as:

ROS = RSI x BE x SF(6) )

In this formulation, RSI represents the rate of spread under flat conditions and no wind (the
baseline ROS), BE is the buildup effect, and SF(#) is the slope factor. The slope factor suggests an
exponential relationship of ROS with slope and follows the semi-theoretical expression proposed by
[44] that adjust the ROS on sloping terrain and is effective up to 70% ground slope (0 = 35 degree):

SF(0) = exp[d - 100 - tan(0)°] 3)

Here, 0 is the slope angle in degrees, and the constants d = 3.533 and ¢ = 1.2 were originally
estimated based on five small-scale fire spread models, including experimental burns on 1.2-meter
beds of red pine needles. Since some of these models were derived from informal observations, and
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given the difference in scale and fuel type, we treat d and e as free parameters to be estimated from our
experimental data.

In our experimental setup, slope was systematically varied from 0° to 50° in 5-degree increments,
while all other environmental variables were held constant. The baseline ROS under flat conditions,
denoted as ROSy, was used in place of RSI. We also assumed BE = 1 since the treated wax paper
substrate does not allow for cumulative fuel buildup. To estimate the slope response, we applied
nonlinear regression to the log-transformed form of Equation 4.3.2, resulting in:

log(ROS) = log(ROSy) + 1004 - tan(6)° + log(e) (4)

The additive error term log(¢) is modelled as normally distributed, implying that ROS follows a
log-normal distribution on the original scale. This formulation captures the multiplicative nature of
slope effects on fire spread and aligns with assumptions commonly used in wildfire spread modelling
frameworks such as the FBP System.

5. Results
5.1. Inherent Variability in Fire Spread Under Controlled Conditions

To evaluate the extent to which environmental variables account for observed variability in
fire spread, we analyzed a dataset comprising 10 experimental videos for which, we computed
25 directional ROS trajectories, resulting in a total of 250 trajectories grouped by video ID. These
trajectories were used to assess within and between-group variability in ROS, and to evaluate the
degree to which fire spread is consistent under nominally similar environmental setups. To formally
investigate this, we applied a linear mixed-effects model to quantify the proportion of ROS variability
attributable to environmental covariates versus unaccounted residual variation.

As outlined in the Table 1, the fixed effects estimates for the upward ROS show that none of
the predictors had a significant influence on the rate of spread. Other predictors have small and
statistically insignificant impacts. This results indicates the limitations of these variables in explaining
fire propagation under the studied conditions. Moreover, the random component of the linear mixed
effects model shows that the residual variance is significantly higher than the variance attributed to
the random intercepts. This suggests that the majority of the variability in the rate of spread occurs
within individual fires rather than between fire video groups. The random intercepts show moderate
variability in baseline ROS across videos, whereas the residual standard deviation indicates larger
variability at the observation level. This suggests that fire propagation is influenced by elements not
included in the current model, such as micro-climatic fluctuations, fuel heterogeneity, or unmodeled
interactions between environmental variables. These unconsidered effects could play a considerable
role in driving observed variation in fire behavior, emphasizing the need for more complete modelling
methodologies.

Table 1. Summary of fixed and random effects on upward ROS from the linear mixed-effects model (250
observations, 10 groups).

Fixed Effects Estimate Std. Error t-value
Intercept 243 x 10710 0.0898 0.000

Soak Time -0.01352 0.1002 -0.135
Dry Time 0.01688 0.1203 0.140

Temperature 0.09806 0.1283 0.764

Random Effects Variance Std. Dev.

Random Intercept (ID) 0.08467 0.2910

Residual Variance 0.90535 0.9515
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Table 2 presents similar findings for the downward rate of spread. Comparable results were also
observed for ROS in leftward and rightward direction, highlighting that even under consistent envi-
ronmental conditions, fire behavior can vary significantly. These findings underscore the importance
of incorporating variability estimation or probabilistic modeling into fire models to better account for
the stochastic nature of fire behaviour.

Table 2. Summary of fixed and random effects on downward ROS from the linear mixed-effects model (250
observations, 10 groups).

Fixed Effects Estimate Std. Error t-value
Intercept —2251 x 1071 0.0929 0.000

Soak Time 0.06115 0.1038 0.589

Dry Time -0.01550 0.1245 -0.125
Temperature 0.04586 0.1329 0.345

Random Effects Variance Std. Dev.

Random Intercept (ID) 0.09204 0.3034

Residual Variance 0.93725 0.9681

5.2. Slope Effect

To evaluate the slope spread factor on ROS, we fit a nonlinear regression model based on the slope
adjustment formulation in Equation 4.3.2 for slope < 35°. Specifically, we modeled the upslope and
downslope rate of spread as a function of slope angle using the log-transformed slope factor equation.

Table 3 shows the estimated parameters for model 4.3.2 for upslope ROS. Both parameters were
statistically significant, confirming the exponential affect of of slope in determining the rate of fire
spread. However, the differences between these estimates and those (d = 3.533,¢ = 1.2) suggest
potential variability in slope effects across different experimental. An important result is the residual
standard error (RSE) of 0.433 for our model, which implies a multiplicative error of approximately
0433 ~ 1.56 . This indicates a moderately large level of error in the context of fire rate of spread ,

suggesting substantial unexplained variability in ROS that is not accounted for by the model.

Table 3. Parameter estimates for the upslope rate of spread model.

Parameter Estimate Std. Error tvalue p-value

d 0.017386  0.001009 22703 < 2e-16
e 0.256337  0.071923 4.319  0.000235

The diagnostic plots in Figure 4 reveal limitations in the current model’s ability to accurately
capture the relationship between fire spread and the slope spread factor. The Q-Q plot shows that most
residuals align with the theoretical quantiles, however the slight deviation at the higher tail indicates
non-normality. The Residuals vs Fitted Values plot displays a clear curved pattern, providing evidence
of non-linearity and indicating that the model fails to fully represent the underlying relationship.
Additionally, the Scale-Location plot highlights heteroscedasticity, as the residual variance changes
across the range of fitted values. This violation of the constant variance assumption raises concerns
about the model’s ability to produce unbiased estimates across different fire spread rates.
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Figure 4. Diagnostic plots of residuals for the nonlinear regression fitted model of the upslope ROS.

Additionally, a similar model was fitted to the downslope ROS, with the results summarized in
Table 4. The negative relationship between ROS and slope in the downslope direction is suggested by
the negative estimate of e. However, this relationship is not statistically significant, indicating the need
for further investigation into the effects of slope on ROS in this direction.

Table 4. Parameter estimates for the down slope rate of spread using model (5).

Parameter Estimate Std. Error tvalue p-value
d 0.019594  0.001029  19.039 5.46 x 10716
e -0.017528  0.046828  -0.374 0.711

Figure 5 reveals that in several cases, the rate of spread in the downslope direction exceeds that of
the upslope direction. This unexpected pattern indicates limitations in the current slope-based model,
which may be failing to account for additional factors influencing fire behavior, particularly in the
downslope configuration. A notable example is the presence of spotting observed in some videos.
Spotting refers to the ignition of new fire zones caused by wind or convection-driven transport of
embers ahead of the main fire front. Figure 6 illustrates this phenomenon in a trial conducted at a
25-degree slope, where discrete ignition sites appear downslope from the main perimeter. Such events
likely inflate the apparent ROS and introduce discontinuities that are not captured by smooth slope-
response models. These findings underscore the complexity of fire spread dynamics and attempting to
generalize slope effects. Incorporating additional mechanisms may be necessary to improve model
accuracy and reliability.
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Figure 5. Comparison of rate of spread of fires on upslope and downslope direction.

Figure 6. Spotting for slope degree 25 affecting the downslope rate of spread, upslope is along positive x axis.

6. Conclusion and Future Directions

This study investigated fire spread dynamics in a controlled experimental setting using
segmentation-based tracking to quantify directional rates of spread. Two modeling strategies were
independently employed: a mixed-effects model to evaluate the explanatory power of environmental
variables, and a nonlinear regression model to assess the influence of slope.

Results showed that temperature, dry time, and soak time had measurable but limited effects on
ROS. Residual variance dominated the model, suggesting that a large portion of fire spread variability
remains unexplained by standard environmental descriptors. This highlights the inherent stochasticity
in fire behavior, even under well-controlled laboratory conditions.

The slope analysis revealed an exponential relationship between upslope ROS and inclination,
consistent with theoretical expectations. However, discrepancies in parameter estimates and observed
downslope behavior underscore the limitations of slope-only models and the context-specific nature of
fire dynamics.

Our approach to calculating ROS, based on bounding box displacements along four image-plane
directions allowed for anisotropic spread analysis without assuming a dominant propagation axis.
While this method captures multi-directional fire expansion and accommodates irregular fire shapes, it
differs from conventional head-fire ROS estimation and may under represent peak spread rates in the
absence of directional drivers such as wind or slope. We suggest that a standard definition of ROS that
corresponds to changing dynamics will be needed as data acquisition becomes more intense.

Future work should integrate directional drivers and develop probabilistic models capable
of capturing temporal variability and complex spread behaviours such as spotting. Incorporating
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controlled wind conditions would also allow for the study of wind-slope interactions and their
influence on fire dynamics.

Overall, this study demonstrates that fire spread remains a partially unpredictable process, even
under simplified and well-controlled laboratory conditions. Advancing fire behaviour modelling will
require probabilistic frameworks capable of accommodating stochasticity, anisotropy in fire spread
both in laboratory models and in real-world wildfire prediction systems.
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Abbreviations

The following abbreviations are used in this manuscript:

ROS  Rate of Spread
SAM  Segment Anything Model
FBP  Fire Behavior Prediction

Appendix A

This algorithm computes the head, rear, and flank rates of spread (ROS) of a fire by comparing
binary fire-edge maps at two time steps. It identifies the main direction of spread, aligns the fire shapes,
and measures directional growth rate in four cardinal directions.

Algorithm A1: Head of Fire based ROS Calculation
Input: Binary fire edge at t;: F;, and at t;: F;
Output: ROS (head, rear, flanks)

P; < coordinates of edge pixels in F;;

P; < coordinates of edge pixels in F;;
foreach p; € P; do
| dmin(p;) < miny,ep, [pj — pill2;
end
Phead <~ argmaxp; dmin(pj)}
U < Phead — centroid(P;);
6 < angle between v and positive x-axis;
Rotate F; and F; by 6;
B; + bounding box of rotated F;;
B;j <+ bounding box of rotated Fj;
Dhead < Bj-xmax — B Xmax;
Drear < Bj-Xmin — Bj-xmin;
DfiankL <= Bi-Ymin — Bj-ymin;
Dfiankr < Bj-ymax - Bi-ymax}
At ti—ti;
ROS {Dheadr Drear, DfiankL, DﬂankR}/At;
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