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Abstract 

Surface fire frequently occurs beneath the canopy of North American forests under 

moderate wind speed and moisture-deficit conditions. Surface rate of spread (sROS) 

models can provide guidance for suppression operations and can be incorporated into fire 

growth modelling systems and other tools. We used a database of primarily Canadian 

experimental surface fires in conifer and deciduous stands from multiple sites to fit 

empirical sROS models for operational use and compare with pre-existing models. 

Various predictor combinations represented fires in boreal conifer (BOCON), deciduous, 

and Ponderosa pine-dominated stands, the latter analyzed to estimate grass-curing 

influence. The main predictors were wind speed (WS10), estimated fuel moisture, and 

Canadian Fire Weather Index (FWI) System components (original and stand-adjusted). 

The ensuing fitted models (N = 51–93) were evaluated using standard metrics and tested 

using an independent conifer dataset (N = 26). The simplest model finds BOCON sROS to 

be equal to 1.2% of the WS10, 1/7th the speed of crown fire spread under similar conditions; 

it is easily calculated as 20% of WS10 using a common unit conversion (WS10 in km h−1, 

sROS in m min−1). The best-performing sROS models displayed nonlinear-sigmoidal 

responses to wind and litter moisture variables, including the Initial Spread Index (ISI), 

and improved upon pre-existing models. Estimated accuracy was mostly +/− 2–4 m min−1 

within the range of the data in both training and validation datasets. These models reflect 

a dataset gathered from multiple sites using varying experimental methods. While 

imprecise, they are suitable for many applications, including operational forecasting and 

designing hazard reduction treatments. 

Keywords: wildfire behaviour; surface fire behavior; boreal forest; fire management; fuel 

type; consumption; ecological disturbance 

 

1. Introduction 

The rate of spread (ROS), or rate of forward advance, of a wildfire is probably its 

most important behaviour characteristic for fire managers [1,2]. Fire behaviour studies in 

Canadian forests often focus on conifer crown fire behaviour, featuring a high spread rate 

and intensity, a rain of lofted embers, and few suppression options [3]. However, in the 

chronology of fire events, most days between ignition and extinction feature only ground 

or surface fire behaviour [4]. Surface fires can often be safely and routinely actioned by 

suppression crews and equipment [5], and managers must be able to estimate the speed 

and intensity of fires even when crown fire activity is unlikely. 
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The Rothermel surface ROS model [6] has been used operationally in the US for over 

40 years [7], although its required inputs and US focus have largely kept it out of 

operational use in Canada. Elsewhere, numerous empirical and quasi-empirical models 

have been developed [8–10] to predict surface fire behaviour (e.g., ROS, fire intensity) 

under specified weather conditions, typically for particular forest types and conditions. 

1.1. Surface Fire Spread Models in Canadian Forests 

Previous fire behaviour studies in Canada have often included surface fire spread, 

though rarely as the main focus. The Canadian Forest Fire Behavior Prediction (FBP) 

System includes fuel-type-specific ROS models for a number of forest fuel complexes, 

including pine (Pinus sp.), spruce (Picea sp.), and mixed wood, along with nonforest grass 

and slash [11,12]. The main predictor of ROS for all fuel types is the Initial Spread Index, 

or ISI [13], which combines empirically derived exponential functions representing wind 

speed and litter moisture. Originally developed as a broad fire spread index for overall 

danger rating purposes [13], the ISI was adapted for fire behaviour modelling and is 

significantly related to ROS in all the fuel types in the FBP System [11]. Notably, the FBP 

System ROS models do not explicitly distinguish between surface and crown fire spread 

for most conifer and mixed wood fuel types. Rather, a deliberate design choice was made 

to represent ROS as a continuous function with a gradual transition between surface and 

crown fire states [14]. In contrast, deciduous (D-1, D-2) and open fuel type ROS models 

describe surface fire spread only because a flammable canopy is absent [11,12,15]. 

1.2. FBPS and Van Wagner Surface Fire Models 

As the FBP System was finalized, Van Wagner developed three surface fire functions 

as part of a dual equilibrium crown fire concept. This framework envisioned separate 

spread-rate functions for crown fires (RSC) and surface fires (RSS), with crown fire 

initiation determining the transition between them [16]. The RSS functions were 

incorporated into the FBP System C-6 fuel type (C-6s) [11] and later proposed for mature 

(C-3s) and immature (C-4s) jack pine (P. banksiana) stands, based on data from well-

documented experimental fires [17,18]. 

All three RSS models follow the Chapman–Richards equation form [14], as do all ROS 

models in the FBP System, based on the ISI: 

𝑅𝑂𝑆 = 𝑎(1 − 𝑒−𝑏⋅𝐼𝑆𝐼)𝑐. (1) 

In this equation, the a parameter represents a fixed horizontal asymptote, usually 

assigned, and the b and c parameters are assigned or fitted from data [11]. However, there 

is limited information regarding their derivation, and no formal evaluation statistics have 

been reported [11,15,16]. 

More recent conifer fire modelling systems are incorporating the dual equilibrium 

approach, including CFIS (Crown Fire Initiation and Spread), CFIM (Crown Fuel Ignition 

Model), Conifer Pyrometrics, and the forthcoming ‘next generation’ FBP System [19–22]. 

To date, however, no new surface fire models have yet been published or proposed for 

these systems. 

Figure 1 compares the C-3s, C-4s, and C-6s RSS models, together with the D-1. While 

all four curves notionally represent surface fire ROS, they clearly represent different 

prediction functions, with, e.g., a nearly 4-fold difference in predicted ROS for ISI 15 

conditions (compare D-1: 4.2 m min−1, with C-4s: 15.5 m min−1). This begs the question, 

does experimental data support the use of existing fuel type-based sROS models? And if 

not, is current experimental data sufficient to fit new models for predicting subcanopy fire 

spread? 

https://doi.org/10.3390/fire9070302
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Figure 1. Comparison of surface fire rate of spread (ROS) models from the FBP System (C-6s, D-1) 

[11,16] (C-3s, C-4s). The full C-3 model (continuum of surface to crown fire ROS) is included for 

comparison purposes [11]. ISI refers to the Initial Spread Index. 

1.3. Objectives 

The objective of this study was to use the Canadian database of experimental fires to 

produce simple empirical models for estimating the ROS of surface fires burning beneath 

the canopy of hemi-boreal forest stands. New models should use input variables and units 

familiar to current operational practitioners to facilitate integration with dynamic fire 

behaviour predictions systems [12,20,21]. Secondary objectives were to evaluate fuel type 

differences (data permitting), to quantify the performance of existing sROS models, and 

to validate new models with independent data. 

2. Methods 

2.1. Fire Database: Training and Validation Datasets 

The main source of data for model fitting or training is a slowly growing database of 

field-scale experimental burns conducted at various sites across Canada since the mid-

20th century, presently ranging from 1960 to 2020. Most of these data have previously 

been described and analyzed [23–25], but never before for the purpose of developing 

surface fire models. Over 120 observations of fire behaviour originated from field-scale 

experimental burn plots (median size: 0.4 ha) in boreal and sub-boreal green conifer 

forests on flat terrain, including surface and crown fires. Fire records include weather and 

FWI indices, ROS, fuel consumption (surface and canopy fuels, in certain cases), and 

observed type of fire (surface or crown); crown fires were further characterized as passive 

or active, according to Van Wagner’s typology [26]. (For most site and experimental 

descriptions see [25].) To supplement the experimental data, a few well-documented 

wildfire observations were included in the analysis, typically occurring under higher fire 

danger conditions than most of the experimental data. 

In addition to the healthy conifer observations, 41 surface fires from other forest types 

were used to bolster the dataset and provide further insight on variability in sub-canopy 

fire behaviour. These include two surface fires from ‘red-attack’ stage mountain pine 

beetle-killed lodgepole pine (P. contorta) in British Columbia (BC) [27]; 32 fires in mostly 

deciduous forests, including 6 fires from trembling aspen (Populus tremuloides) stands of 

the northeastern US [28]; 14 fires in aspen in north–central Alberta [29]; and aspen (9 fires), 

oak (Quercus sp.; 2 fires) and aspen-dominated mixed wood (1 fire) experimental fires in 
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eastern Ontario [30]; lastly, seven experimental surface fires in Ponderosa pine (P. 

ponderosa)–Douglas-fir (Pseudotsuga menziesii) stands (PPDF) in southern BC were also 

included, analyzed somewhat uniquely due to their herbaceous, seasonally sensitive 

understory, as discussed in Sections 2.4 and Appendix A. 

Out of this full database of 159 observations, 98 were described as surface fires in 

primary sources and were considered for surface ROS modelling (‘training data’; Table 

S1). The full surface fire dataset aggregated from all vegetation types was eventually used 

for fitting some models, while others were trained solely on the conifer observations or 

other fuel types, as noted. 

Since the data were assembled from several different experiments over multiple 

decades, sampling methods and experimental design were highly variable. Certain 

important stand structure attributes were not available for many observations and 

therefore omitted. This included potentially influential information on pre-fire litter and 

duff loading, stand density and volume, and understory vegetation characteristics. 

Weather information, while generally conforming to the FWI instrumentation and 

measurement guidelines [31], was rudimentary by modern standards. While the breadth 

of the experiments lends some resilience to the resulting models, the unexplained 

variability in these factors may contribute to error. 

To validate the new models, we also assembled an independent set of 26 surface fire 

observations from three previously published studies (‘validation data’; Table S2). All 

fires included descriptions of head fire behaviour and measured ROS along with 

corresponding weather and fuel moisture predictors (see Section 2.2, below). The studies 

took place in Alberta jack pine and black spruce (Picea mariana; 15 fires) [32], eastern 

Ontario red pine (Pinus resinosa; 5 fires) [33], and central Alaskan black spruce (6 fires) 

[34]. The vegetation, ignition methods, and fire behaviour were all considered appropriate 

to match with the larger model fitting dataset, providing a range of conditions for testing. 

An exception was the Alaskan spruce experiments, where the slope was estimated to be 

10–15% south–southeasterly, while winds were oriented mostly south–southwesterly 

[34]. These were adjusted to the estimated flat-terrain condition by multiplying the ROS 

by 0.8, an approximation based on the FBP System calculation method for wind-slope 

vectoring [11,15]. On some spruce plots, candling or torching behaviour was described, 

but authors estimated that ROS values reflected surface fire spread rates [32,34]. No 

observations of crown fire behaviour were included in our validation data. 

2.2. Wind, Moisture, and Spread Indices 

It has long been known that ambient wind speed is one of the most important 

predictors of ROS [6,35,36]. However, predicting the wind properties that influence sub-

canopy surface fire requires detailed information on vegetation–wind interactions, 

including the effects of understory and overstory vegetation as well as edge effects from 

canopy openings [37,38]. Although this approach has been used in the US and elsewhere, 

it demands fine-scale vegetation data, which is unavailable for past experimental fires and 

is often impractical in operational settings. The present models therefore rely on the 

standard 10 m open wind speed (WS10) that is measured in most field experiments and 

used in operational wildfire forecasts [31]. Wind speed records in the experimental fire 

database represent a 10 min average identified as representative of overall fire conditions 

by the original authors, but with few additional details available. These factors limit the 

potential to tailor models to widely varying forest structure and density conditions 

[39,40]. 

We anticipated that wind speed and fuel moisture content would be primary 

variables of interest, consistent with longstanding theoretical understanding of fire 

processes [35,41,42] and most existing empirical models [8,9]. In particular, the 
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aforementioned unitless ISI is useful as a single variable that combines WS10 and fuel 

moisture influences [13]. Other FWI components were also examined: the Fine Fuel 

Moisture Code, FFMC, and Duff Moisture Code, DMC. Since standardized measurements 

of litter moisture were not available across the fire database, estimates based on FWI codes 

were used in lieu, as these have been shown to be quite reliable [43,44]. The influence of 

surface fuel consumption (SFC) was also tested, which was measured on most fires but 

must be estimated or modelled separately for prediction purposes. ‘Fuel type’ is the term 

presently used to identify the dominant forest overstory species associated with a 

particular plot or wildfire, and was tested as a categorical variable in certain analyses. 

In addition to the standard ISI, we also explored a modification using a more 

sensitive stand-adjusted litter moisture content (mcsa) model [25,45]. The mcsa is an 

empirical model derived from nearly 7000 fuel moisture measurements across Canada 

that combines the effects of the FFMC and DMC indices along with several categorical 

stand condition variables: stand type, density, and season. This scheme is more fine-tuned 

to the influence of structure and weather variables for directly estimating fine fuel 

moisture, resulting in a considerably more flexible predictor variable than the FFMC 

alone. The mcsa was combined with wind speed using the normal ISI formula, but with the 

mcsa in place of the usual FFMC-based term, the mcFFMC, applicable to WS10 < 40 km h−1 [15]: 

𝐼𝑆𝐼𝑠𝑎 = 0.208 ⋅ (𝑒0.05039⋅𝑊𝑆10) ⋅ (91.9 ⋅ 𝑒−0.1386⋅𝑚𝑐𝑠𝑎) ⋅ [1 +
𝑚𝑐𝑠𝑎

   5.31

(4.93⋅107)
)]. (2) 

One drawback to the mcsa is that the categorical stand variables must be assigned to 

each observation. While this process can be automated [46], it requires stand structure 

information that may be absent for some fires, and involves subjective estimates or 

additional modelling. See [25] (Supplementary Materials) for details of the mcsa 

calculations and variable assignments for the main fire database. For additional sROS 

observations, the following assignments were made [45]: ‘pine’, ‘spruce’, and ‘deciduous’ 

stand types were assigned to fires based on dominant species; density was assigned as 

‘light’ for PPDF fires (Appendix A) and spring fires in deciduous stands, and ‘moderate’ 

where density was unknown, as with most wildfires, and otherwise based on stand 

closure descriptions, where available. ‘Season’ was based on calendar date, with ‘spring’ 

assigned prior to June 1st, ‘transition’ for the June 1–15 period, ‘summer’ fires for June 16- 

August 31, and ‘fall’ for fires after Sept. 1st, as per [25]. 

2.3. Model Building 

For model feature selection, we first set up a standardized variable test, including all 

available weather and fuel predictors—WS10, FFMC, mcsa, DMC, ISI, ISIsa, SFC, fuel type, 

and stand density class (as defined by [45])—as well as transformed terms: WS102, ISI2, 

ISIsa2, SFC2, and sqrt(SFC). All variable combinations (1–5 predictors) were tested using an 

exhaustive variable search with the R function ‘leaps::regsubsets()’ [47]. We also tested 

two types of non-linear responses. The first used a modification of the sigmoidal 

Chapman–Richards equation (Equation (1)) together with the ISI (or ISIsa). The horizontal 

asymptote in Equation 1, a, was replaced with a linear function: 

𝑦 = 𝑚 ⋅ 𝐼𝑆𝐼 + 𝑖, (3) 

where m and i are slope and y-intercept parameters, respectively. At high ISI values, ROS 

therefore approaches the value of y: 

𝑅𝑂𝑆 = (𝑚 ⋅ 𝐼𝑆𝐼 + 𝑖) ⋅ (1 − 𝑒−𝑏⋅𝐼𝑆𝐼)𝑐. (4) 

This oblique asymptote form is believed to be more realistic for representing 

subcanopy ROS under more severe (drier, windier) conditions, compared with the fixed 

asymptote value in Equation 1. 
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The second nonlinear form was adapted from a flexible power function used in 

several previous empirical ROS modelling studies [9,10,48]. This equation uses wind 

speed and litter moisture (mc) as separate predictors and can include additional 

coefficients to variables such as ground slope and fuelbed depth, when available [9]. Since 

none of our training fires were on sloped terrain and most lacked forest floor depth data, 

we used the following adapted equation form: 

𝑅𝑂𝑆 = 𝑎 ⋅ 𝑊𝑆10 𝑏 ⋅ 𝑒𝑐∙𝑚𝑐. (5) 

Here, mc represents the estimated litter moisture content using either the FFMC or 

mcsa estimates, and a, b, and c are fitted parameters. This function has several potential 

advantages, including separate terms representing wind and moisture influences (rather 

than combined, as in the ISI), and fitted WS10 and mc exponents rather than assuming a 

constant (Equation (1)) or linear (Equation (4)) asymptote to the ISI function under high 

fire danger conditions. 

The overall model-building proceeded in order of increasing complexity of equations 

and predictors: WS10 → ISI → ISIsa → Equation (4) (ISI or ISIsa) → Equation (5) (WS10 + 

mcFFMC or mcsa). Potential fitted models were compared using several evaluation metrics: 

root mean squared error (RMSE), mean absolute error (MAE), mean absolute percentage 

error (MAPE), and Efron’s pseudo R-squared (ER2). ER2 is a measure that is appropriate 

for comparing the variability represented by models when widely divergent predictor 

forms are being compared, including linear, non-linear, and forced-intercept models [49]. 

All analyses were performed in RStudio 2026 (Posit Software, Boston, MA, USA) with R 

version 4.5.2. 

2.4. Grass Curing in Ponderosa Pine Fires 

The PPDF fires are a distinct fuel type category and were analyzed somewhat 

differently than the other observations. For these fires, despite the very limited dataset (8 

observations) we sought to incorporate the effects of understory grass and herbaceous 

curing, believed to be a significant influence on fire spread in these stands. Graminoids 

represent an important part of the understory fuelbed in PPDF forests [50,51] and degree 

of curing is a highly influential factor influencing fire spread in both grasslands and 

herbaceous-understory forests [52,53]. Although developing an ROS model incorporating 

the degree of curing (C) would require much more data, we approached the modelling for 

these stands to enable two distinct sets of conditions: first, the relatively low curing state 

observed during the experiments (see Appendix A); and second, estimated peak seasonal 

(cured grass) conditions based on the FBP System’s curing function and certain 

assumptions about grassland fire spread under a conifer canopy. 

Observed seasonal conditions represent measured ROS in the original dataset, and 

are noted as ‘original condition’ (OC). To estimate the peak seasonal conditions, PPDF 

ROS observations were normalized, following Cheney [54], to a nearly fully cured grass 

condition (95% C), representing early spring or late summer conditions associated with 

high fire danger. To do this, we assumed that grass and forb curing in PPDF stands would 

be half as influential compared to the effects of C in a true grassland, since fire spread is 

also clearly influenced by other fine fuelbed components, such as needles and woody 

debris [55]. While grass biomass in these stands only represents a fraction (~3%) of the 

total available surface fuel, c.f. [55], seasonal grass curing has been observed by 

operational practitioners to have a strong influence on ROS in PPDF stands [56,57]. Based 

on that assumption and the FBP C factor equations, we calculated new ‘cured condition’ 

(CC) ROS values for these plots for use in some models. While CC modelling in this 

manner is somewhat speculative, it was undertaken to avoid underprediction during the 

most active and hazardous PPDF wildfire conditions, namely late summer fires associated 
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with severe drought [58,59]. Calculations and additional details for PPDF fires are 

provided in Appendix A. 

3. Results 

3.1. Data Exploration and ROS Patterns 

Before fitting surface fire models, the database of combined surface and crown fire 

observations was explored for overall trends and patterns. Among 127 fires in conifer 

stands, a clear, though noisy linear relationship is evident between ROS and type of fire, 

as shown in an ROS-WS10 graph (Figure 2).  

Surface fire ROS in the main training dataset ranged from 0.4 to 12.0 m min−1., driven 

by wind speeds of 2.7–28.0 km h−1 and FFMC values of 80.0–94.1. Combined, these 

conditions generated an ISI range of 2.3–28.7. In conifer stands, surface and passive crown 

fire spread observations overlapped for ROS > ~4 m min−1 (Figure 2), and most fires’ sROS 

values were well below the maximum value (95th percentile sROS of 5.83 m min−1.). The 

fitted linear trends in Figure 2 represent very simple baseline models for conifer ROS 

observations based on type of fire and wind speed. While the relationships are highly 

variable for crown fires, the fit is much better for surface fires, showing the lowest variance 

of the three fire types (Model 1 (M1), n = 67; RMSE = 1.59, adjusted R2 = 0.315). Noting that 

the M1 intercept was small and nonsignificant (𝛽0 = −0.57, P = 0.260) and the fitted slope 

between 1/5 and 1/4 (𝛽1= 0.244), some simple heuristic models were evaluated as 𝑅𝑂𝑆 =

𝛽1 ⋅ 𝑊𝑆10, with both ROS and WS10 values in their original units of km h−1 and m min−1. As 

shown in Figure 2, the best performer was 𝛽1 = 0.2 (RMSE = 1.602), characterized 

henceforth as M20, or the ’20% WS10’ model. 

 

Figure 2. Overview of rate of spread (ROS) of conifer fires, including surface and crown fire 

observations by open wind speed (WS10). Observations are organized by type of fire, with lines 

showing fitted linear trends. S, PC, and AC refer to surface, passive crown, and active crown fire 

types, respectively. The black line represents M20, the ‘20%WS10’ model for surface fire behaviour: 

𝑅𝑂𝑆 = 0.2 ∙ 𝑊𝑆10 (ROS in m min−1; WS10 in km h−1). 
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3.2. Initial Model Evaluation and Selection 

The extensive search among the possible predictor variables revealed ISI and ISIsa to 

be strong predictors of ROS. The best 1–5-variable sROS predictor combinations all 

contained one of these variables. In particular, ISI2, ISI, and ISIsa2 were the best single 

predictors, depending on the dataset being evaluated (Table S3). SFC was significant in 

some models, as was Fuel Type (FT). Model forms using > 2 predictors were generally 

non-significant (α = 0.05), reflecting the limited sample size and high variability. After 

completing the search, terms not appearing in any of the best three combinations were 

dropped from testing. Certain predictor combinations were also rejected for illogical 

behaviour or suspected multi-collinearity. For instance, models were rejected if they 

included both ISI and ISIsa terms, or included either spread index along with WS10 or FFMC 

(mcsa in the case of the ISIsa), since the spread indices already incorporate both wind and 

estimated litter moisture influences, and these combinations imply overfitting. 

Following the testing, four main sROS model categories were identified: models 

representing all forest types (‘aggregated’, AGG) and models exclusively for hemi-boreal 

conifer forests (‘boreal conifer’, BOCON); and models using the base FWI predictors 

(FFMC, ISI) vs. those using the stand-adjusted moisture estimates (mcsa, ISIsa). Response 

functions were mostly forced through the origin to avoid over- and under-prediction 

under low danger conditions (e.g., ISI < 2) and in order to produce models that are usable 

across a broad range of wildfire conditions (i.e., ISI or ISIsa values of 0–25 or higher); linear 

models with fitted intercepts tended to produce negative ROS predictions near the origin. 

3.3. Refined Surface Fire Dataset, FT and SFC 

Figure 3 shows sROS observations by ISI, along with some initial exploratory models 

as well as the D-1 FBP model, with fires classified by FT and SFC. While all fires were 

classed as surface fires in the original sources, several observations included descriptions 

of significant torching behaviour, or non-zero levels of measured canopy fuel 

consumption (CFC).  

 

Figure 3. Surface ROS observations by ISI and initial model fitting. Most symbols represent 

experimental fires except those with a black centre are wildfires. Colours indicate fuel type and fire 
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characteristics as follows: JP—jack pine; S—black spruce or pine–spruce mix; OP—other pine; 

Decid—deciduous; PPDF-OC Ponderosa pine–Douglas-fir, original condition. Squares represent 

fires with significant torching (included in conifer models displayed but later removed). SFC 

indicates surface fuel consumption (kg m−2); observations lacking a measured SFC have a black 

outline and are plotted using mean overall SFC value (1.0 kg m−2). The lines represent linear (grey: 

Model 2) and quadratic (black: Model 3) ISI-based ROS models fitted to conifer observations (JP, S, 

OP). The green line is the FBP D-1 model. 

After further examination of photographs and additional fire documentation [60,61], 

observations with estimated CFC > 0.2 kg m−2 or obvious evidence of widespread torching 

were removed in order to exclude fires considered transitional to crown fire, as the ROS 

of some passive crown fires (but not all) can be much higher than surface fires (Figure 2). 

Figure 3 also shows a simple linear sROS model fitted to the initial data (BOCON0) based 

on ISI (M2: RMSE = 1.51; ER2 = 0.464), as well as the better-fitting quadratic model using 

ISI2 (M3: RMSE = 1.30; ER2 = 0.604).  

Fuel type differences in the AGG data were initially evaluated with an ISI2-based 

linear model similar to M3, and later with the oblique asymptote non-linear form 

(Equation (4); see Section 3.4 below). All FT contrasts were significant between BOCON, 

deciduous, and ‘cured condition’ PPDF fuels (Tukey HSD: α = 0.05), with deciduous < 

BOCON < PPDF in terms of main effects’ influences on ROS. The ‘original curing’ PPDF 

FT class was not significantly different than the BOCON FT (Figure 3). Within the BOCON 

dataset, FT was separately tested as follows: there were 19 fires in pure jack pine (JP), 6 in 

black spruce and mixed pine–spruce (SP), and 26 in stands of other pine species (OP), 

consisting of red pine (16 fires), and lodgepole pine (10 fires), including the two fires in 

MPB-affected pine. While FT appeared significant in several models with the conifer 

dataset, the only significant contrast was between OP and JP, with OP fires predicted to 

have slightly slower ROS compared with JP fires (Figure 3). This contrast was not deemed 

meaningful and within-conifer FT was then dropped from further testing. 

While SFC did not initially stand out as one of the most influential variables, it was 

explored further due to its known influence on fire intensity. The sqrt(SFC) predictor was 

significant in several model forms when combined with ISI, but not ISIsa. Density class 

initially appeared significant but appeared confounded with the ISIsa and was 

subsequently dropped. 

3.4. Final Fitted Models 

Additional models were fitted based on the best variables from the extensive search 

using the sigmoidal and power function equations described in Section 2.3. Table 1 shows 

evaluation metrics for a partial list of fitted models, in order of increasing complexity. The 

full list of tested models and estimates can be found in Appendix B. Table 1 also shows 

ROS predictions at three levels of ISI or ISIsa (5–15) for comparison. Other variables 

(FFMC, FT) were assigned values where required for calculation purposes, as noted. The 

number of observations used in model fitting varied depending on measured and 

estimated variables available (e.g., missing SFC measurements resulted in slightly smaller 

datasets for SFC-requiring models) as well as the aforementioned cleaning of transitional 

crown fire observations. Models M1 and M20 were based on the full set of conifer and 

unaltered PPDF observations (N = 67; CON; Figure 1), while other models used either the 

aforementioned ‘AGG’ dataset (N = 80–93) with combined conifer, deciduous and PPDF 

fires (OC or CC), or the ‘BOCON’ dataset (N = 53–58), with only boreal conifer data. M2, 

M3 and M4 included all sROS fires (BOCON0; Figure 3), while other BOCON-based 

models excluded torching fires, as previously noted. The FBP and Van Wagner models 

(Table 1: C-3s, C-4s, C-6s, D-1) are also shown for comparison purposes. The new models 
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shown predict mean ROS under ISI (or ISIsa) 5, 10, and 15 conditions of 0.7 m min−1, 2.7 m 

min−1, and 5.1 m min−1, respectively. Model forms using the BOCON data (e.g., M3, M12, 

M13) had lower variability and thus better overall performance (lower RMSE, higher ER2, 

lower MAE and MAPE) than similar model forms fitted to the AGG dataset (M6, M10, 

M11; Appendix B). 

The best performing models varied depending on the choice of dataset and available 

inputs. Non-linear model forms using Equation (1) or Equation (4) were unable to 

automatically fit the asymptote parameters, so visual inspection was used to estimate 

asymptotes (m = 0.15, iagg = 10, icon = 13, for AGG and BOCON datasets, respectively). This 

allowed for the fitting of relatively high-performing models for the aggregated and conifer 

datasets (M11c, M12–13). The best performance overall was achieved by the models with 

separate wind and litter moisture inputs (e.g., M16: ER2 = 0.786; see also Appendix B). 

Certain AGG models were fitted separately depending on the PPDF curing assumption. 

As noted, original curing PPDF fires were consistent with BOCON fires when using ISI as 

a predictor (e.g., M7), while ‘cured condition’ ROS appeared more consistent with 

BOCON fires when using the ISIsa due to the additional mcsa inputs and influence, which 

reduced estimated fuel moisture conditions. In general, for the AGG data models, the best 

performance was achieved when SFC (M7) or FT (M18c) were included as predictors 

compared with only wind and moisture variables. 

Table 1. Model numbers (M), predicted spread rate and evaluation metrics for a subset of fitted and 

predetermined models. See text for dataset descriptions. Formulae include 10-metre wind speed 

(WS10), initial spread index (ISI), stand-adjusted ISI (ISIsa), surface fuel consumption (SFC, kg m−2), 

litter moisture content estimated from the Fine Fuel Moisture Code (mcFFMC), and stand-adjusted 

model (mcsa), and fuel type (FT) variables. Predicted ROS (m min−1) is shown for three ISI or ISIsa 

levels; models without ISI/ISIsa are calculated with the following constants: FFMC 91 (M1, M5, M20), 

SFC of 1.0 kg m−2 (M9), and ‘conifer’ fuel type (M18c). Models 12–13, 18c include additional terms: 

m = 0.15, i = 10 (AGG), i = 13 (BOCON), for aggregated (AGG) and boreal conifer (BOCON) dataset 

models. Models M9c and M18c include estimated ‘fully cured’ condition ROS for 8 Ponderosa pine–

Douglas-fir (PPDF) fires, while M19 is only fitted to those fires in their ‘original curing’ condition. 

Evaluation metrics include root mean squared error (RMSE, m min−1), mean absolute error (MAE, 

m min−1), mean absolute percentage error (MAPE, proportion), Efron’s R-squared (ER2), and 

Akaike’s Information Criterion (AIC). The predefined functions (not fitted) consist of the C-3s, C-4s, 

C-6s models, which were evaluated against the 53 BOCON observations; the D-1 model, tested 

against the 32 deciduous observations; and 20%WS10 model, tested against original 67 original 

conifer (CON) observations. For model estimates and statistics, see Appendix B. 

    Predicted ROS (m/min) Evaluation Metrics 

Model 

Number 
Formula N Dataset ISI = 5 ISI = 10 ISI = 15 RMSE MAE MAPE ER2 AIC 

1 β0 + WS10 67 CON 0.9 3.5 4.8 1.59 1.12 0.777 0.325 257.9 

3 β1 · ISI2 58 BOCON0 0.7 2.8 6.4 1.30 0.946 0.667 0.604 199.0 

5 β1 · WS102 53 BOCON 0.5 3.7 6.4 1.53 1.01 0.699 0.450 199.3 

7 β1 · ISI2 + β2 · sqrt(SFC) 80 AGG 1.0 1.9 3.5 1.27 0.800 0.562 0.607 270.9 

9c β1 · ISIsa2 + β2 · sqrt(SFC) 80 AGG 1.0 2.1 3.9 1.28 0.903 0.594 0.649 272.7 

12 (m · ISI + i) · (1 − exp(−b · ISI)c 53 BOCON 0.3 2.6 6.7 1.05 0.833 0.629 0.742 161.2 

13 (m · ISIsa + i) · (1 − exp(−b · ISIsa)c 53 BOCON 0.3 2.3 5.5 1.12 0.890 0.658 0.704 168.4 

16 a · WS10b · exp(c · mcFFMC) 53 BOCON 0.3 2.9 6.8 0.952 0.772 0.600 0.786 153.2 

17 a · WS10b · exp(c · mcsa) 53 BOCON 0.4 2.9 5.9 1.02 0.764 0.574 0.755 160.5 

18c 
(m · ISI + i) · (1 − exp(−b · ISI)c +  

d · PPDF + e · DECID 
93 AGG 0.7 2.5 4.8 1.38 0.985 0.656 0.618 333.4 

19 β1 · ISIsa 8 PPDF 0.6 1.2 1.8 0.875 0.697 0.370 −1.54 24.6 
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20 20% WS10 67 CON 1.2 3.4 4.4 1.60 1.085 0.876 0.370 - 

C-3s - - - 0.7 2.3 4.2 - 0.884 0.588 0.555 - 

C-4s - - - 2.0 9.7 15.5 - 4.419 3.703 −5.349 - 

C-6s - - - 1.1 5.0 10.2 - 1.670 1.482 −0.044 - 

D-1 - - - 0.9 2.4 4.2 - 1.297 0.988 0.543 - 

In addition to the fitted models, Table 1 also compares sROS predictions from the 

FBP, Van Wagner [16], and 20%WS10 (M20) models. For the C-4s and C-6s, the high MAE 

and MAPE values, and very low values for ER2, suggest very poor performance compared 

to the fire observations. The C-3s, D1, and M20 models, in contrast, are at the lower end 

of the range of model performance but otherwise produce adequate results. When 

evaluated against the deciduous data alone, the D-1 model produced a reasonably good 

fit with the data, in the mid-range of the main fitted BOCON and AGG models (Table 1). 

Note that the D-1 model dataset originally described by [6] differs only from present 

deciduous database by two additional wildfires, excluded here due to a lack of 

documentation. 

3.5. ISI and ISIsa sROS Models for Conifer and Aggregated Forest Types 

Figure 4 shows the final sROS dataset plotted by overall fuel type (boreal conifer, 

deciduous, or PPDF) and SFC against ISIsa, along with four fitted conifer models: M9 (AGG 

data, two SFC levels), M11 (AGG), M13 (BOCON), and M19 (PPDF, OC). PPDF fires with 

CC ROS were included in model fitting for the AGG data models. Certain high-influence 

observations are highlighted, based on ‘jackknife’ (leave-one out) resampling. These were 

flagged when the difference between model parameters was calculated with and without 

individual estimates, 𝛥 , was 𝛥 >
2𝑠

√𝑛
 , where s is the standard error of the parameter 

estimate and n is the sample size [62]. This shows how the high ISIsa observations, 

including most of the wildfires, were particularly influential on the fitted models. 

 

Figure 4. Surface ROS observations by stand-adjusted ISI (ISIsa) from experimental fires (open 

symbols) and three wildfires (black centres) along with selected fitted models (labelled lines). 
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Colours indicate fuel type: red—boreal conifer; blue—Ponderosa pine–Douglas-fir (PPDF) adjusted 

to ‘cured condition’ (CC); grey—PPDF in ‘original condition’ (OC); green—deciduous. Size 

indicates SFC, and black outlines indicate missing SFC values, displayed at SFC = 1.0 kg m−2. The 

M13 model line (red) is fitted only to the conifer observations, while the M9c (purple) and M11c 

(brown) lines are fitted to all fuel observations except OC PPDF. M19 (black) is only fitted to OC 

PPDF observations. Diamond and triangle shapes outline the highest-influence observations within 

M13 and M11c models, respectively, based on jackknife resampling. M9c lines are shown at SFC = 

0.75 kg m−3 (dashed) and SFC = 3.0 kg m−3 (dotted), as indicated. 

3.6. Model Validation 

The validation dataset included mean WS10 and ISI values of 12.3 km h−1 and 6.8, 

respectively (WS10 range: 2.8–23.8 km h−1; ISI range: 1.6–15.0). A wide range of 

experimental fire conditions was therefore represented (Figure 5). No attempt was made 

to estimate the mcsa stand structure and condition categories; consequently, only ISI- or 

WS10- and FFMC-based models were tested. 

Models M12, M16, and M20 were evaluated with the additional validation 

observations (Table 2). All three models performed well, with MAE and RMSE values < 2 

m min−1. The best performance based on these measures was from M16, with the lowest 

MAE, MAPE and Mean Bias Error (MBE), while M20, the simple wind speed heuristic, 

had the lowest (best) RMSE, indicating the influence of some wider outliers. The accuracy 

differences between M16 and M12 in training, where M16 had a slightly lower (better) 

MAPE, by 0.029, and lower (better) MAE by 0.061 m min−1 (Table 1), were not fully 

replicated during validation, as M16 had the lower MAE while M12 had the lowest MAPE 

(MAE: M16 lower by 0.028 m min−1; MAPE: M12 lower by 0.018; Table 2). M20 exhibited 

the highest MBE, showing a consistent overprediction tendency of about 0.9 m min−1, 

notably higher than the other two tested models, which had very small underprediction 

biases of <0.15 m min−1, although M16 had the slightly superior value. 

Table 2. Model evaluation metrics for the validation dataset (N = 26). MAE is mean absolute error 

(m min−1), RMSE is root mean squared error (m min−1), MAPE is mean absolute percent error 

(proportion) and MBE is mean bias error (m min−1). 

Model MAE RMSE MAPE MBE 

M12 1.202 1.67 0.779 −0.121 

M16 1.174 1.57 0.797 −0.045 

M20 1.189 1.41 1.148 0.908 

Figure 5 shows the BOCON training data plotted by ISI, comparing some of the 

highest-performing ISI-based models (M3, M12, M16) along with the validation data. The 

observation space beyond the range of data is shaded, representing extrapolation. All 

three models produce fairly similar ROS predictions within the range of data but diverge 

widely when ISI > ~20. Figure 5 also shows the C-6s and C-4s models, which both 

overpredict ROS for most conifer observations. 

https://doi.org/10.3390/fire9070302


Fire 2026, 9, 302 13 of 29 
 

https://doi.org/10.3390/fire9070302 

 

Figure 5. Boreal conifer surface fire observations by ISI and ROS, including both training and 

validation data, along with select model predictions. Overlapping observations were jittered by up 

to 0.1 m min-1 for clarity. The M16 model (brown lines) uses WS10 and mcFFMC as predictors rather 

than ISI; consequently, it is shown for both FFMC = 89 and FFMC = 92 conditions, as indicated. Grey 

shading indicates model extrapolation, beyond the range of data, where predictions diverge widely. 

4. Discussion 

4.1. Operational Surface ROS Models 

Since wildfire spread under higher danger conditions in conifer stands tends to be 

from crown fires [63,64], it is unsurprising that the majority of surface fires in our database 

occurred during moderate-level fire danger indices and wind speeds. Crown fire 

occurrence in conifer forests has long been modelled using canopy base height and surface 

fire intensity [26] or surface fuel consumption [25,65]. This explains the existence of a few 

conifer surface fires (primarily in high-CBH pine stands) in our database that occurred 

under dry and windy conditions (ISI > 10). Our database shows that ROS in deciduous 

stands is broadly similar to surface fire ROS conifer stands, though slightly slower-

spreading based on the significant fuel type factor in models M18/M18c (Table 1). 

Because of the dearth of experimental data from fires ignited under high-danger 

conditions, a small number of wildfires exhibiting surface fire behaviour were also 

included to populate the higher range of ISI/ISIsa values. Being few in number, individual 

high-danger observations tended to be highly influential in regression models (Figure 4). 

Despite this warning, there is no way of removing these observations without significantly 

affecting the models and their range of inference. Primary source descriptions that exist 

for these wildfires (e.g., [66]) tend to reflect simple estimation methods; we would expect 

high error with such a dataset [67], and some of the highest ROS observations are likely 

overestimates of actual spread rate. Overall, both our training and validation datasets 

mainly represent a range of ROS values that could be described as ‘moderately slow’ (1–

3 m min−1) to ‘moderately fast’ (3–10 m min−1) [60]. 
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4.2. Predictors of Surface ROS 

The ISI was the strongest single ROS predictor variable, performing well in either its 

original or stand-adjusted form (ISIsa). ISI is familiar to Canadian operational practitioners 

and remains established as a key index of fire weather. It was the most strongly correlated 

variable to area burned during the record-breaking 2023 Canadian wildfire season [68], 

and is significantly related to the probability of fire containment in black spruce stands 

[69]. The database values used in our analysis represent indices that best represent 

burning conditions according to primary sources. For forecasting purposes, we expect 

hourly ISI to perform slightly better than daily ISI values when the time of interest differs 

from the typical afternoon peak burning conditions [70,71]. The ISIsa quantifies additional 

influences based on stand properties and longer-term moisture effects (i.e., the DMC and 

‘season’ variables) [45], and offers additional value for predicting ROS across varying 

stand structure using models such as M9/M9c or M11/M11c. For typical moderately closed 

boreal conifer stands of spruce and pine, however, the ISIsa did not tend to improve model 

performance, and the base ISI may be preferred. The use of ISIsa with M13 or M17 (see 

Appendix B) may nonetheless provide useful contrasts, such as between density 

categories or at different DMC levels. It is unclear if small differences in evaluation 

metrics, such as between ER2 values of 0.74 (M12) and 0.70 (M13), are meaningful; 

evaluation with independent data including mcsa attributes is needed at this stage to 

improve confidence. 

The overall best-performing model in BOCON stands, with the lowest RMSE and 

AIC, and highest ER2, was M16, the mcFFMC- and WS10-based model that was not 

constrained by the fixed fuel moisture and wind speed relationship of the ISI. M16 was 

also the best performer in the validation data, with the lowest MAE and bias, although 

the other model tested, M12, performed nearly as well using ISI. The main concern with 

the quadratic and power function models is a possible tendency to overpredict under high 

wind conditions. As discussed earlier, wind speed influences on ROS have previously 

been fitted to power functions as WSb, where b > 1 in some studies but b = 1 or b < 1 more 

often occur under high wind speeds [9,72]. The fitted b values in our power models 

(Equation (5)) ranged from about 1.3 (M14, M15c) to 1.9 (M16) (see Appendix B), which 

results in an accelerating increase in ROS at higher WS or ISI values. The ISI- and ISIsa -

based models, in contrast, are heavily influenced by the exponential wind speed function 

within the ISI equation (Equation (2)). The recommended ISI fix for high winds in the FBP 

System, whereby the ISI equation is altered when WS10 > 40 km h−1 [15,71], will prevent 

excessive ROS predictions under such conditions, but is not well-tested. Extreme weather 

fires are, in any case, well beyond the range of our surface fire dataset, as processes such 

as crown fire spread, ember spotting and fire–interactions would be expected to dominate 

ROS, particularly in conifer forest types [73]. 

Figure 5 further illustrates the concern with extrapolation and uncertainty beyond 

the range of our data (e.g., ISI > 20, or WS10 > 25 to 30 km h-1 in typical wildfire conditions 

of FFMC 90 to 92 or higher). While validating sROS in this range would require much 

more surface fire data under dry and windy conditions, it is unlikely that understory 

surface fires would match the spread rates of active crown fires (e.g., ROS > 20 m min−1; 

Figure 2; see also [74]). The oblique asymptote (M10, M12, M13) or linear models (M1, M2, 

M20) may be less prone to overprediction under extrapolation conditions. While 

extrapolation is never advised with empirical models, it is not uncommon in wildfire 

settings (e.g., [11]), as fire personnel often must often contend with drier and windier 

conditions than appear in experimental datasets. 

The present surface fire models involve mainly weather- and moisture-related 

inputs, with additional influence from fuel type and SFC in some model forms. In-stand 

ground-level wind speed (‘mid-flame’) is used in several empirical models due to its 
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apparent direct influence on flame properties and propagation [6,48]. We might therefore 

expect overstory vegetation density or structure to significantly affect ROS in our models, 

due to the vegetation’s influence on ground-level wind speed and overall 

micrometeorology [37,75,76]. However, our findings do not support strong fuel type 

differences, aside from contrasts between conifer, deciduous, and PPDF (OC or CC) fuel 

types. Density class was only significant within the ISIsa, based on the density class 

influence on fuel moisture [45]; see Section 4.3 below. 

SFC was a useful secondary influence on ROS (M7, M9), similar to the BUI effect on 

ROS in the FBP System [11]. It is significant to have evidence, albeit limited, for the direct 

relationship between SFC and ROS in models such as M9c (Figure 4). Given that the 

median BUI in our training data was 45, the limited influence of SFC is not surprising and 

suggests that refitting with additional sROS observations under drier conditions will be 

needed to improve the SFC–ROS relationship. SFC must itself be modelled from fuel 

loading and moisture indices in most fire forecasting situations [25,46]. While practical 

methods for estimating SFC exist, such as those based on FWI components [11,77], it is 

questionable whether the small estimated change from this added variable is worth the 

effort and uncertainty for most operational users. 

4.3. sROS and Stand Density 

As wildfire hazard reduction treatments become more widespread, where stands 

with high CBH and low surface fuel loading are engineered to resist crown fire [63,78], 

there is a need to estimate the effects of stand density on sROS under higher danger 

conditions. Although stand density class variables were not significant on their own in 

our tests, the models using ISIsa account for some density differences. This provides some 

capability to represent, for instance, forest thinning treatments. Physical modelling 

studies have suggested that reducing stand density can increase surface ROS [79,80], often 

an unintended consequence of fuel treatments [81]. However, the effects of such 

differences in the present sROS models (e.g., M13, M9) are relatively small, as the only 

relationship being simulated is fuel moisture via the mcsa density categories—‘Dense’ (D), 

‘Moderate’ (M), or ‘Light’ (L) [45], tentatively interpreted as canopy closure levels of >60%, 

~40–60%, and <40%, respectively. Expected changes due to heightened in-stand winds are 

not represented. More significant density changes (e.g., following harvesting or post-fire 

overstory mortality) are also unlikely to be adequately represented by the categories in 

the mcsa, and in models such as M9 or M13. Note that [25] had previously suggested using 

the conifer canopy closure categories of <45% and ~45–60% for representing mcsa ‘Light’ 

and ‘Moderate’ density classes; the revised recommendation of <40% and ~40–60% 

closure, respectively, follows some additional testing. 

For example, in a pine stand under dry, moderately windy conditions (FFMC 92, 

DMC 120, WS10 = 15 km h−1) in summer, decreasing the density class from D to M or L 

would result in an increase from 3.5 to 3.7 to 4.6 m min−1, respectively, using Model 9c 

(assuming SFC of 1.5 kg m−2): a maximum density-dependent difference (𝛥) of 1.1 m min−1. 

Varying SFC between 0.5 and 3.5 kg m−2 could further stretch 𝛥 to 1.8 m min−1, holding 

the weather indices constant. This is a relatively small ROS difference for capturing this 

wide range of SFC and density conditions, such as tree density reductions of 70–80%, 

which are common in hazard reduction treatments [82,83]. The present models are likely 

most appropriate for moderately open to closed conifer stands; a lower limit for ‘Light’ 

crown closure would be likely to be near 15–20%, the density of the more open PPDF and 

other BOCON stands. In very open forests and parkland or savannah-type stand structure 

(closure << 20%), much greater in-stand wind speed would be expected [37,84] and might 

support significantly faster sROS than appears in our data. 
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4.4. Expected Accuracy 

In addition to MAE and MAPE values (Table 1), quantiles and comparisons with 

external validation data can help reveal the expected error associated with each model 

during normal use. Table 3 shows an analysis of the mean and 90th quantile absolute error 

(MAE, Q90AE, respectively) and absolute percentage error (MAPE, Q90APE, 

respectively) for models M12, M16, and M20 using base FWI indices (ISI, WS10, mcFFMC), 

and for model M9c using ISIsa and fuel type. The Q90 metrics, in particular, should contain 

the great majority of variation encountered during model use within the range of data.   

Since the frequency of observations drops off for higher fire-danger levels (Figures 4 

and 5), error categories are shown for ISI or ISIsa values above and below 11. As the MAE 

and Q90AE values in Table 3 suggest, sROS errors of 1–2 m min−1 are to be expected from 

models M12 and M16 at lower fire-danger levels, while larger errors of perhaps 2–4 m 

min−1 may be expected under ISI 12–25 conditions. Models M20 and M9c exhibit mostly 

similar accuracy, though with occasional higher error rate for outlying values, notably 

underprediction for M20 of up to 6 m min−1; this error rate did not reappear in the 

validation data. In percentage terms, the error rates are reversed, with greater percent 

error at low danger levels (20–80% for under-; up to 270% for over-prediction) compared 

with the higher danger conditions (15–60% for under-; up to 150% for over-prediction) 

expected with these models (Table 3). This degree of error, though not ideal, is likely 

acceptable for operational use considering the much higher ROS (and variability) 

associated with crown fire behaviour (e.g., Figure 2). 

Table 3. Expected model accuracy for Models M12, M16, M20, and M9c, based on mean and 90th 

quantile over- and under-predictions for ISI or ISIsa < 11 and >11 classes (training data), or the 

validation dataset. MAE, Q90AE, MAPE, and Q90APE are Mean Absolute Error (m min−1), 90th 

quantile Absolute Error (m min−1), Mean Absolute Percent Error, and 90th quantile Absolute Percent 

Error, respectively. 

 ISI/ISIsa Prediction MAE Q90AE MAPE Q90APE 

Model Dataset  m min−1 m min−1 % % 

M12 Training < 11 Over 0.78 1.33 93 178 

(ISI)  Under 0.74 1.59 49 83 
 Training > 11 Over 1.16 2.03 70 151 
  Under 1.74 1.94 21 25 
 Validation  1.20 3.12 78 123 

M16 Training < 11 Over 0.76 1.54 89 205 

(WS10,  Under 0.75 1.58 49 83 

mcFFMC) Training > 11 Over 0.81 1.23 44 88 
  Under 1.04 1.46 15 23 
 Validation  1.17 2.9 80 122 

M20 Training < 11 Over 1.0 1.9 128 270 

(WS10)  Under 0.49 0.96 21 42 
 Training > 11 Over 0.45 0.57 22 23 
  Under 4.3 6.32 51 60 
 Validation  1.19 2.06 115 123 

M9c Training < 11 Over 0.57 1.06 82 166 

(ISIsa, FT)  Under 0.77 1.73 33 60 
 Training > 11 Over 1.4 3.12 63 134 
  Under 3.06 3.75 41 52 
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4.5. Recommended Models for Operational Forecasting 

The primary value of such surface ROS models may be to inform dynamic modelling 

systems (e.g., [20,21,85]), where tools such as calculators and lookup tables enable users 

to forecast fire behaviour under various fuel structure and weather scenarios. This study 

began with a question about fuel type differences in sROS. It is possible that larger FT 

differences exist but were obscured by variations in experimental design between sites, 

such as plot size, ignition methods, or the frequency of wind monitoring. Laboratory 

experiments have suggested that a range of conifer litterbed characteristics, including 

species and bulk density, can affect heat flux, spread rate and overall flammability 

[42,86,87]. However, laboratory results can be challenging to relate to the field context, as 

detailed fuelbed measurements are seldom available at operational scales and complex 

natural forest fuelbeds are highly heterogeneous [88]. We revisit the original question by 

noting that the evidence supports some fuel type differences requiring distinct models, 

but no significant differences among the main boreal conifer types. 

In our modelling dataset, deciduous and PPDF observations helped increase the 

breadth and scope of observations and presented some evidence for fuel type-specific 

models or terms. For these types, however, no new data was provided beyond the range 

of the original FBP System D-1 and C-7 spread models. While the D-1 model matches the 

noisy deciduous fire data adequately, interpreting the PPDF data is more complex; the 

few available observations are inadequate to support or refute the substantial anecdotal 

evidence for the influence of grass curing on ROS. 

Despite these challenges, a small number of models stand out as superior to the 

others in terms of performance and practical applicability (Table 4). These are the models 

that are more likely to predict new observations within a reasonable accuracy range, e.g., 

+/− ~30% [89], and those that provide new decision-support tools for a defined purpose in 

fire management. Within the data range (ISI < 20; ISIsa < 25), the arguably best-performing 

conifer model for closed natural stands was the mc and WS10 power model M16; the mcsa-

based analogue, M17, performed nearly as well (Appendix B). The best conifer model that 

allows for more stand structure flexibility (via the ISIsa), and is also likely more tolerant of 

extrapolation, is M13; for simple boreal conifer stands, the ISI-based M12 had slightly 

higher evaluation metrics. To allow for comparisons between broad fuel type classes or 

SFC levels, M18c (FT) or M9c (SFC) may have value (or M7, for a non-stand-adjusted 

version), although the SFC effect is subtle, as noted, and the cured PPDF fuel type is 

untested. M11c is also a ‘do anything’ model that is applicable to surface fire spread across 

many fuel types, such as continuous mixed wood of varying percentages in spring. There 

may also be value to an ensemble approach using combinations of these models, resulting 

in something close to the mean values for ISI 5–15 noted in Table 1. A more serious 

ensemble modelling approach would likely focus on a particular fuel type class (e.g., 

boreal conifer) and perhaps exclude the most extreme outliers. 

In comparison, the previously published FBP and Van Wagner models were mixed 

in their performance metrics. Negative ER2 values and MAPE of 150–380% indicate that 

the C-4s and C-6s models performed worse than a null model using only the mean of all 

observations. These models are therefore not recommended for predicting surface fire 

behaviour in boreal conifer stands, as their overprediction tendency is evident. As for the 

C-3s model, it performed adequately in representing the overall BOCON data, although 

it is virtually identical to the D-1 model (Figure 1) and this study presents several options 

that are likely more accurate and flexible.  
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Table 4. Summary of recommended sROS models with their inputs, suggested use, and constraints. 

See main text for abbreviations. 

Model Inputs Suggested Purpose Constraints 

M9c ISIsa, SFC Contrast FC, stand structure across fuel types 
May overpredict under high-danger conditions; 

requires mcsa and SFC inputs 

M11c ISIsa 
General stand-adjusted ROS prediction across 

various fuel types 
Requires mcsa inputs 

M12 ISI Simple model for boreal conifer fuels No stand structure influence 

M13 ISIsa 
Simple stand-adjusted model for boreal conifer 

fuels 
Requires mcsa inputs 

M16 mcFFMC, WS 
Most accurate model for conifer stands in low–

moderate-danger conditions 

May overpredict under high-danger conditions; 

no stand structure influence 

M17 mcsa, WS 
Most accurate stand-adjusted model for conifer 

stands in low–moderate-danger conditions 

May overpredict under high-danger conditions; 

requires mcsa inputs 

M18c ISI, FT 
Contrast between conifer, deciduous, cured 

PPDF fuels 

Cured PPDF predictions based on untested 

assumptions; no stand structure influence other 

than FT 

M19 ISI 
Simple linear model for moist-condition PPDF 

stands 

Based on small dataset; likely to underpredict 

under high-danger conditions; no stand structure 

influence 

M20 WS Simple heuristic model for rapid field use 

May overpredict under moist fuel conditions and 

underpredict under dry fuel conditions; no stand 

structure influence 

The only new model with a similarly poor evaluation metric to C-4s was Model 19 

for PPDF (original conditions), which also had a negative ER2 value. In that case, it is due 

to its small sample size and low overall ROS distribution. However, there is little doubt 

that increasing wind speed and decreasing fuel moisture (i.e., higher ISI) will increase 

ROS in this fuel type, as in the others, and the other metrics (RMSE, MAE, MAPE) indicate 

that M19 predicts sROS in PPDF stands quite faithfully under conditions mimicking the 

original data (primarily spring fires during green-grass conditions; Appendix A).  

4.6. Limitations, Final Suggestions, and M20: The ‘1.2–20’ Model 

Our dataset of 53–93 surface fire observations appears well-suited to building new 

sROS models using linear and non-linear regression techniques. As the dataset grows, 

there may be opportunity to use more sophisticated machine learning methods that reveal 

additional variables or spread functions [90]. However, we believe that the current models 

appropriately represent the present range of observations. 

As noted, the major limitation of these ROS models and the underlying dataset are 

the paucity of observations under higher danger conditions (WS10 or ISI). For improving 

empirical models, there is no substitute for acquiring additional high-quality 

observations. Surface fire observations spreading under high indices would necessarily 

have a high LCBH and/or low SFC; otherwise, they would be expected to quickly 

transition to crown fires [25,65]. Additional high-danger sROS observations are unlikely 

to come from experimental burning, but could be detected from the opportunistic imaging 

of spreading wildfires [91,92], such as wildfires burning in tall pine or Douglas-fir stands 

with CBH > 10 m [93]. 

Under very-low-danger conditions (e.g., FFMC < 75 or ISI < 1), ignition in needle fuel 

substrates becomes highly unlikely [94,95], so ROS is a minimal concern until drier and 

windier conditions arrive. Under such marginal conditions, these models may overpredict 

fire spread, but this is likely a minor concern given the low predicted ROS, except in 
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situations of very long simulations of several days or longer. For the best compromise 

between performance and flexibility and general use, we believe the M13 model may be 

the most useful for boreal and sub-boreal conifer stands, and the M11c model is similar 

but more fuel-agnostic. The other recommended models are suited to more specific 

comparisons, as discussed. In particular, using any of the AGG-based models for fires in 

PPDF stands should only be attempted with an understanding of the assumptions and 

sparse data associated with this fuel type. Model M19, a very simple linear regression for 

low-grass-curing conditions using unaltered ROS, is likely the most conservative option. 

However, for PPDF stands in late- (or very early-) season wildfire conditions, one of the 

‘cured condition’ models may be advisable to reduce the possibility of underprediction 

errors. Since these CC observations were generated based on untested assumptions, they 

may perform poorly until further tested and calibrated, but will be less likely to 

underpredict than the OC-based models, or even than the C-7 fuel type [11] below the 

crown fire threshold. 

Finally, the 20%WS10 model will be useful in a similar manner to the Cruz and 

Alexander ‘10% rule’ [74] and ‘20% rule’ [96] models—as an approximate value suitable 

for mental arithmetic and rapid field use. With a slope of 𝛽1 =  0.20 and zero intercept, 

this offers a simple and rapid approximation of the WS10–sROS relationship, easily 

calculated from wind speed forecasts in multiples of 5 km h−1 (15, 20, 25, etc.); it should 

perform adequately for WS10 < 30 km h−1 or so. Importantly, the unit difference (km h−1 vs 

m min−1) is critical for proper usage; an exact analogy with, for instance, the 10% rule [74] 

would suggest it should be called the ‘1.2% rule’ model, based on similar wind speed 

units. We therefore suggest the name ‘1.2–20 Model’ (‘one–two twenty’) to encourage 

understanding and uptake. 

The 1.2–20 heuristic also reveals an additional finding of interest: on average, conifer 

crown fires are shown to be seven times faster than Canadian experimental surface fires 

under similar wind speeds. This is calculated from the calculated mean conifer crown fire 

ROS as 8.4% of the WS10 [74] and the slope of the M20 sROS model, with wind and ROS 

in identical units (8.4/1.2 = 7). The corollary to this is that any treatment that alters potential 

fire behaviour from crown fire to surface fire, particularly pruning or ladder fuel removal, 

which significantly increases the crown base height [25,26,65] can theoretically reduce 

ROS by 6/7, or about 86%, assuming no other difference but type of spreading fire. This is 

a very simplistic heuristic-based observation based on distinct studies and datasets, but 

may prove to be a useful point for consideration and communication. Notably, this simple 

assessment does not discriminate between passive crown fire and the much higher active 

crown fire ROS, with type of crown fire spread being dependent on WS and canopy fuel 

characteristics [26,65], as well as additional atmospheric variables and interactions. If 

nothing else, this ‘6/7ths of ROS’ observation should be a worthy concept for further 

testing and refining. 

5. Conclusions 

This study examined whether experimental observations support the large 

differences in predicted surface fire ROS among fuel types, and if not, what models best 

describe subcanopy fire spread in hemi-boreal forests. 

Analysis of a fire behaviour dataset from nearly 100 experimental fires in a range of 

conifer and deciduous forests showed that the ROS of most understory surface fires was 

below 6 m min−1, with limited observations up to 12 m min−1. Within this range, there was 

little evidence of a plateau in ROS with increasing wind speed. Surface ROS was 

approximately one seventh of crown fire ROS under comparable conditions, and a simple 

heuristic using different units suggests that understory ROS (in m min−1) is approximately 

one fifth of the 10 m open wind speed (in km h−1). 
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Models fitted separately to boreal conifer and ponderosa pine datasets were more 

accurate than equivalent models fitted to aggregated datasets, but there was little evidence 

to support significant fuel type differences within the boreal conifer observations. Models 

incorporating wind speed and estimated fuel moisture as separate variables performed 

slightly better than models based solely on the Initial Spread Index (ISI), but ISI-based 

models also performed well. Among the model forms evaluated on single variables, a 

modified Chapman–Richards equation provided the best fit and outperformed linear and 

quadratic alternatives. 

The final models include eight or nine recommended formulations that should suit 

various purposes in North American fire management. Input variables such as 10-metre 

open wind speed and FWI codes (FFMC, ISI) are readily available to most managers of 

hemi-boreal forest lands, and these models can easily be integrated into automated 

decision support tools used by wildfire organizations. The new models are suited to a 

range of general and specialized purposes. These include everyday operational fire 

behaviour forecasting; contrasting broad fuel types or stand conditions; designing hazard 

reduction treatments; and performing additional analyses or simulations. While the data 

are scattered and the models overall somewhat imprecise, it is evident that a much greater 

range of ROS magnitude and variability are associated with crown fire spread in conifer 

stands than for surface fires (e.g., Figure 2). Consequently, the much smaller differences 

of ~2–3 m min−1 associated with the uncertainty of these models are unlikely to be 

hazardous to trained fire personnel nor to be insurmountable in daily operations. Fire 

behaviour practitioners can adopt the recommended models into their operational 

systems without delay to aid in surface fire forecasting. 

Supplementary Materials: The following supporting information can be downloaded at: 

https://www.mdpi.com/article/10.3390/fire9070302/s1, Table S1: Surface fire observations for model-

building; Table S2: Surface fire observations for validation; Table S3: Ranking of predictor variables 

in model-building. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AGG 
Aggregated forest dataset, includes surface fire observations from all described stand 

types 

BOCON Boreal conifer surface fire dataset 

BOCON0 Initial boreal conifer surface fire dataset (includes fires with significant torching) 

C Curing (grass or herbaceous vegetation) 

CBH Crown or canopy base height 

CC 
Cured condition—estimated late-season PPDF fire behaviour when grass and herbs 

are most flammable 

CFC Crown or canopy fuel consumption 
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CON 
Conifer dataset; includes boreal and ponderosa pine–Douglas fir surface fire 

observations 

DECID Deciduous forest stands  

DMC Duff Moisture Code, from the Fire Weather Index System 

ER2 Efron’s pseudo-R squared 

FBP Fire Behavior Prediction (System) 

FFMC Fine Fuel Moisture Code 

FT Fuel Type 

FWI Fire Weather Index (System) 

ISI Initial Spread Index 

ISIsa Stand-adjusted Initial Spread Index 

MAE Mean Absolute Error 

MAPE Mean Absolute Percentage Error 

MBE Mean Bias Error 

mc Moisture content (litter) 

mcFFMC Moisture content (litter), estimated from the Fine Fuel Moisture Code 

mcsa Stand-Adjusted Moisture Content (litter) 

OC 
Original Curing—fire behaviour in PPDF stands as observed, with high moisture in 

grass and herbs  

PPDF Ponderosa pine–Douglas fir forest stands (see also ‘CC’ and ‘OC’ conditions) 

RMSE Root Mean Squared Error 

ROS Rate of Spread 

sROS Surface Rate of Spread 

SFC Surface Fuel Consumption 

WS or WS10 Wind Speed; general or open 10 m wind speed 

Appendix A. Fires in Ponderosa Pine–Douglas-Fir Stands in BC 

Eight experimental fires were conducted in 1978–80 in open Ponderosa pine–Douglas 

fir (PPDF) forest stands in the Lower Dewdrop Range near Kamloops, British Columbia. 

These fires were mostly well-documented in theses by Nyberg (plots 1–6) [55] and Smaill 

(plot 9) [97]. Plot numbers 1–6, burned in 1978, are described by [55]. Plot 9, burned in 

1979, is described by [97]. Plot 8 from the same site was burned in 1980, with rudimentary 

documentation (FWI indices, ROS) provided by the FBP System experimental fire 

database. Summary information and photographs were incorporated into the FBP System 

in the form of the C-7 fuel type, where these experimental data were combined with 

several wildfire observations to fit and estimate the various fuel type functions and 

parameters [11,98]. Note that some tools exist for calculating ROS with the unpublished 

‘C-7b’ model [56], a version of the C-7 FBP fuel type that allows for adjustments to the 

grass curing. The C-7b is based on the premise that the C-7 observations, most of which 

are the PPDF observations in the present study, represent 100% cured-grass conditions. 

Since this study presents evidence to the contrary (see Appendix A.2), the C-7b can only 

reduce predicted ROS below the values from the fitted C-7 ROS model, and may therefore 

be prone to significant underprediction. 

For this study, the Lower Dewdrop PPDF observations were reanalyzed from the 

original document records in order to merge these fires into the main modelling database 

with common units and analysis methods. Stand structure at the Lower Dewdrop 

consisted of a low-density Ponderosa pine-dominated overstory and mostly herbaceous 

understory, with mean canopy closure of approximately 32%. Litter and duff cover were 

described as light and patchy [55]. 

Appendix A.1. Surface Fuel Consumption 

In the FBP System database (and C-7 fuel type), surface fuel consumption (SFC) was 

reported for only one observation (Plot 9), with a very high total SFC value of 5.3 kg m−2, 

dominated by >5 kg m−2 of woody fuel consumption. The original SFC estimate for Plot 9 
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included consumption of all downed woody fuels, including from large-diameter coarse 

woody debris (CWD; >7.6 cm). While methodologically consistent with other FBP 

experimental burns [17,18], the Plot 9 CWD consumption represents the great majority of 

the total SFC and represents an outlier compared to other FBP System experiments. For 

instance, the mean CWD proportion of SFC at the Ontario Kenshoe Lake and Sharpsand 

Creek sites was 9.2%, c.f., [17,18], significantly lower than the 50.2% CWD proportion of 

consumption at Dewdrop (Mann–Whitney U-test: p < 0.001). This difference is explained 

by both higher seasonal drought conditions during the Dewdrop burns (mean Drought 

Code (DC): 394 at Dewdrop vs 111 at Kenshoe Lake and 161 at Sharpsand; see [13] for DC 

description), and probably the overall frequency of larger-diameter standing trees at 

Dewdrop, the source of the CWD (>17% of trees in the ‘ >25 cm’ DBH class; c.f., [55]); 

compared with, e.g., ~1% of trees in the ‘>23 cm’ DBH class at Kenshoe Lake (‘White 

River’) [99]. 

Including contributions from CWD in surface fires is somewhat at odds with the 

current understanding of flame-front dynamics. Consumption studies suggest that most 

CWD consumption in PPDF stands occurs during post-frontal smouldering rather than 

during flaming combustion [100,101]. The high SFC at Dewdrop from smouldering CWD, 

unrelated to the actual flame front, could therefore overpredict fire intensity as well as 

crown fire tendency [25,26]. To correct this discrepancy, new SFC values at Dewdrop were 

calculated, excluding the CWD contribution, including only consumption from finer fuels 

(grass and herbs, litter, duff, and woody debris < 7.6 cm). Calculated SFC was 0.50–1.42 

kg m−2 for Plots 1–6, c.f., [55] and the new Plot 9 value was notably lower, at 1.95 kg m−2. 

Note that SFC estimates represent the differences between pre-burn and post-burn fuel 

loading, including contributions from woody fuels, grasses and forbs, and litter (the site 

featured negligible duff quantities). Estimating litter consumption values required an 

estimate of pre-burn litter depth, which was not reported but was instead taken from [50], 

a later series of experiments at a very similar site < 5 km away. (Mean litter depth from 

control sites across all years and canopy positions was 3.3 cm.) 

Appendix A.2. Seasonal Climate and Herbaceous Curing 

The climate during the 1978 fire season, as well as the timing of the Dewdrop 

experiments, may have also been somewhat anomalous compared to typical PPDF 

wildfires; both factors are likely influential in how the Dewdrop data and ensuing models 

should be treated. Measurable rainfall was received at the Dewdrop weather station 

nearly weekly from April–August [55], an unusual occurrence in this summer–dry 

climate. In addition, five of the eight Dewdrop burns were conducted in May or June—

growing season months with typically high herbaceous moisture. Consequently, 

understory vegetation remained relatively green during the experimental fires. Relative 

proportions of live and dead grass and forb biomass were used to calculate percent curing 

values (C) for these observations, in the same manner as used in Australian and Canadian 

grass fire models [15,102]: 

𝐶 =
𝐺𝐵𝐷

(𝐺𝐵𝐷+𝐺𝐵𝐿)
⋅ 100, (A1) 

where % C is the curing (%), and GBD and GBL represent dead and live grass and forb 

biomass (kg m−2), respectively. Using mean values from experimental and control plot 

sampling on each given date [55] gave % C values of 56–66 for Plots 1–6. The curing factor, 

CF was then calculated using the simple FBP System grass-curing function that combines 

a gradual exponential rise at low C levels with a linear function at higher curing [15]: 

𝐶𝐹 = 0.005 ⋅ (𝑒𝑥𝑝(0.061𝐶) − 1), 𝐶 < 58.8, (A2a) 

and 
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𝐶𝐹 = 0.176 + 0.02 ⋅ (𝐶 − 58.8), 𝐶 ≥ 58.8, (A2b) 

For Plot 9, reported values are unfortunately less explicit between live and dead 

biomass [83] and Equation (A1) could not be used. Based on the late season date and 

slightly lower overall grass moisture value, % C for that plot was estimated at 80%. For 

Plot 8, another early season fire (12 June), the mean curing value for Plots 1–6 was used 

[57]. 

Appendix A.3. Modelling PPDF Fires 

As noted in the main text, we calculated an estimated 95% C ROS for these fires based 

on two assumptions: (1) detrending of the measured and estimated herbaceous curing 

values noted above would occur, and (2) these stands would be affected by herbaceous 

curing half as much as a true grassland, due to the significant influence from other dead 

fine fuels (mostly litter and fine woody debris). This new modified value was calculated 

as ROS’ using the following modified curing equation: 

𝑅𝑂𝑆′ =
𝑅𝑂𝑆0

2
⋅ [1 +

𝑐𝑓(95)

𝑐𝑓(𝐶)
], (A3) 

where ROS0 represents the observed rate of spread with measured curing C, and cf(C) and 

cf(95) represent the calculated curing factors [15] at measured or estimated C values and 

95% C, respectively. ROS’ values for these seven PPDF fires were then used in fitting 

certain models, as noted in the main text. 

These analyses allowed us to incorporate the dry PPDF Dewdrop experimental fires 

in our surface fire models (AGG data), including sROS models for the measured and 95% 

cured conditions. Because of the significant assumptions, these models should only be 

used with caution; actual ROS values in cured-grass PPDF stands may be higher or lower 

than those estimated using the ‘cured conditions’ models with the PPDF fuel type, for a 

variety of reasons. While a more generalized PPDF sROS model that incorporates variable 

grass curing would clearly be useful, the present data are insufficient for anything more 

refined. 

Appendix B. Final Model Estimates 

Table A1. Coefficients and statistics for all models discussed in main text. N refers to the number of 

observations; Coef. indicates coefficients, SE is standard error, and ER2 is Efron’s pseudo-r squared. 

Mode

l * 
Formula Dataset * N Coef. Estimate SE Statistic P ER2 

1 β0 + β1·WS10 CON 67 β0 −0.57248 0.5042 −1.136 0.2603 0.325 
    β1  0.24431 0.0436 5.6 <0.0001  - 

2 β0 + β1·ISI BOCON0 58 β0 −1.70253 0.5755 −2.959 0.0045 0.464 
    β1  0.48108 0.0691 6.967 <0.0001  - 

3 β1·ISI2 BOCON0 58 β1  0.02826 0.0019 15.133 <0.0001 0.604 

4 β1·ISIsa2 BOCON0 58 β1  0.02352 0.0017 14.018 <0.0001 0.553 

5 β1·WS102 BOCON 53 β1  0.01308 0.0012 11.059 <0.0001 0.450 

6 β1·ISI2 AGG 93 β1  0.01590 0.001 15.444 <0.0001 0.461 

7 β1·ISI2 + β2·sqrt(SFC) AGG 80 β1  0.01250 0.001 12.082 <0.0001 0.607 
    β2 0.69808 0.1676 4.166 <0.0001  - 

8 β1·ISIsa2 AGG 93 β1  0.01569 0.001 14.766 <0.0001 0.426 

8c β1·ISIsa2 AGG 93 β1  0.01784 0.001 17.930 <0.0001 0.549 

9 β1·ISIsa2 + β2·sqrt(SFC) AGG 80 β1  0.01260 0.0012 10.422 <0.0001 0.529 
    β2 0.57704 0.1928 2.992 0.0037  - 

9c β1·ISIsa2 + β2·sqrt(SFC) AGG 80 β1  0.01473 0.0011 13.191 <0.0001 0.649 
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    β2 0.59430 0.1781 3.338 0.0013  - 

10 * (𝑚 ∙ 𝐼𝑆𝐼 ∙ 𝑖) ∙ 1 − (𝑒−𝑏∙𝐼𝑆𝐼)𝑐 AGG 93 b 0.06587 0.0117 5.640 <0.0001 0.548 
    c 2.27205 0.4266 5.327 <0.0001  - 

11 * (𝑚 ∙ 𝐼𝑆𝐼𝑠𝑎 ∙ 𝑖) ∙ 1 − (𝑒−𝑏∙𝐼𝑆𝐼𝑠𝑎)𝑐 AGG 93 b 0.05100 0.0112 4.541 <0.0001 0.450 
    c 1.84258 0.3799 4.850 <0.0001  - 

11c * (𝑚 ∙ 𝐼𝑆𝐼𝑠𝑎 ∙ 𝑖) ∙ 1 − (𝑒−𝑏∙𝐼𝑆𝐼𝑠𝑎)𝑐 AGG 93 b 0.06680 0.0111 6.042 <0.0001 0.579 
    c 2.20254 0.3978 5.537 <0.0001  - 

12 * (𝑚 ∙ 𝐼𝑆𝐼 ∙ 𝑗) ∙ 1 − (𝑒−𝑏∙𝐼𝑆𝐼)𝑐 BOCON 53 b 0.12832 0.0162 7.923 <0.0001 0.742 
    c 5.24622 1.0435 5.028 <0.0001  - 

13 * (𝑚 ∙ 𝐼𝑆𝐼𝑠𝑎 ∙ 𝑗) ∙ 1 − (𝑒−𝑏∙𝐼𝑆𝐼𝑠𝑎)𝑐 BOCON 53 b 0.09661 0.0143 6.756 <0.0001 0.704 
    c 3.84172 0.7680 5.002 <0.0001  - 

14 𝑎 ∙ 𝑊𝑆10
𝑏 ∙ 𝑒(𝑐∙𝑚𝑐𝐹𝐹𝑀𝐶) AGG 93 a 0.52895 0.2788 1.897 0.061 0.590 

    b 1.31971 0.1311 10.07 <0.0001  - 
    c −0.1972 0.0340 −5.802 <0.0001  - 

15 𝑎 ∙ 𝑊𝑆10
𝑏 ∙ 𝑒(𝑐∙𝑚𝑐𝑠𝑎) AGG 93 a 0.14478 0.0811 1.786 0.0775 0.500 

    b 1.45787 0.1638 8.903 <0.0001  - 
    c −0.10319 0.0297 −3.475 0.0008  - 

15c 𝑎 ∙ 𝑊𝑆10
𝑏 ∙ 𝑒(𝑐∙𝑚𝑐𝑠𝑎) AGG 93 a 0.51292 0.2417 2.122 0.0366 0.582 

    b 1.28974 0.1360 9.484 <0.0001  - 
    c −0.17977 0.0299 −6.008 <0.0001  - 

16 𝑎 ∙ 𝑊𝑆10
𝑏 ∙ 𝑒(𝑐∙𝑚𝑐𝐹𝐹𝑀𝐶) BOCON 53 a 0.39813 0.2122 1.876 0.0665 0.786 

    b 1.91399 0.1401 13.661 <0.0001  - 
    c −0.31551 0.0438 −7.207 <0.0001  - 

17 𝑎 ∙ 𝑊𝑆10
𝑏 ∙ 𝑒(𝑐∙𝑚𝑐𝑠𝑎) BOCON 53 a 0.29629 0.1661 1.783 0.0806 0.755 

    b 1.69839 0.1528 11.116 <0.0001  - 
    c −0.23260 0.0348 −6.681 <0.0001  - 

18 * 
(𝑚 ∙ 𝐼𝑆𝐼 ∙ 𝑖) ∙ (1 − 𝑒(−𝑏∙𝐼𝑆𝐼))

𝑐
+ 

𝑒 ∙ 𝐷𝐸𝐶𝐼𝐷 
AGG 93 b 0.07094 0.012 5.897 <0.0001 0.572 

    c 2.25199 0.4032 5.585 <0.0001  - 
    e −0.74445 0.327 −2.276 0.0252  - 

18c * 
(𝑚 ∙ 𝐼𝑆𝐼 ∙ 𝑖) ∙ (1 − 𝑒(−𝑏∙𝐼𝑆𝐼))

𝑐
+ 

𝑑 ∙ 𝑃𝑃𝐷𝐹 + 𝑒 ∙ 𝐷𝐸𝐶𝐼𝐷 
AGG 93 b 0.07207 0.0122 5.916 <0.0001 0.618 

    c 2.28189 0.4151 5.498 <0.0001  - 
    d 2.69568 0.5252 5.133 <0.0001  - 
    e −0.76090 0.3346 −2.274 0.0253  - 

19 * β1·ISIsa PPDF 8 β1  0.11771 0.0225 5.242 0.0012 −1.54 

20 * 20% WS10  - 67  - 0.2  -  -  - 0.37 

* Notes: Dataset refers to the observations used to fit models as well as for the intended use. CON—

all conifer; BOCON0—initial uncleaned boreal conifer; BOCON—cleaned boreal conifer; AGG—

aggregated fuel types, including BOCON, deciduous, and PPDF. Underlined models are 

recommended for operational use, as noted in main text (Table 4). Models with a ‘c’ use CC PPDF 

data; all others use OC PPDF data. For models M10-M13 and M18-M18c, m = 0.15, i = 10, and j = 13. 

For models 18 and 18c, DECID and PPDF are dummy variables set to 0 or 1 according to fuel type. 

M18: conifer or OC PPDF (default): DECID = 0; Deciduous stand: DECID = 1. M18c: conifer stand 

(default): PPDF = 0, DECID = 0; CC PPDF stand: PPDF = 1, DECID = 0; DECID stand: PPDF = 0, 

DECID = 1. M19 is for OC PPDF stands only. M20 contains no fitted parameters and therefore has 

no fit statistics. Shading indicates coefficients associated with individual models.  
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